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Abstract

Abstract
It has been a century since Otto Warburg presented his observation of aberrant metabolic activity in
cancer. He noted a propensity for tumors to metabolize glucose and ferment lactate, even when oxygen
is available. This finding was the first indication of the central role of metabolism in cancer. However,
later research has shown that this metabolic phenotype, coined Warburg effect, is merely one of many
strategies used by cancer to grow rapidly.
Why study metabolic reprograming in cancer? So far, the standard of care targeted mainly signaling
pathways and cell interactions. These treatments resulted in some therapeutic success but also the
emergence of resistance. Even though metabolism has played a crucial role in cancer diagnosis, i.e.
through the uptake of radiolabeled glucose, the use of cancer metabolism as therapy has scarcely been
explored. Targeting essential metabolic reactions could compromise its cancer's operation. Unraveling
how cancer cells reprogram their metabolism, identifying which pathways are being used and at which
rate could guide the development of novel therapies to improve patient outcome, overcome cancer
resistance, or prevent relapse.
Large-scale metabolomics studies, ranging from biotechnology to human diseases, have been booming
in recent years due to technological advances in analytical methods. Despite the increased availability
of large metabolomics datasets, most studies rely on simple statistics for data analysis, and the
interpretation of such results remains manual. To date, one of the major challenges in the field of
metabolomics is the lack of computational approaches that facilitate interpretation. More importantly,
metabolomic measurements alone cannot reveal cells' metabolic operation, as one would need to
measure intracellular metabolic fluxes. In mammalian cells, however, fluxes are hard to measure and
their indirect inference using, for example, genomics or proteomics remains unsatisfactory. Thus,
identifying the functional differences in cancer cells, i.e. how their metabolic fluxes differ across the
metabolic network, has never been accomplished at large scale.
In this thesis, we explore the use of metabolomics to infer metabolic operation in cancer cell lines. By
comprehensively measuring metabolism's intermediates, metabolites, in a panel of 180 cancer cell
lines, our goal is to unravel cancer's metabolic heterogeneity. In brief, we want to identify in each cell
line which metabolic pathways are active, thus possibly important. To do so, we have applied and
developed computational methods for omics integration. One of the methods enables the identification
of metabolite changes related to metabolic activity, integrating metabolomics with fluxomics. Another
deciphers possible molecular drivers of metabolic phenotype, hence linking metabolomics with all
omics.
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To set the stage, we review in chapter 2 the current approaches for multi-omics integration and
compare their contribution in generating novel biological insights. We find that most methods rely
solely on data for integration, ignore the vast biochemical knowledge, e.g. cellular pathways, and rarely
provide mechanistic insights. We argue that novel computational approaches, which would take
advantage of our current biological knowledge and the recent advances in machine learning, could
unfold the full potential of these multi-layer datasets.
For a thorough investigation of cancer metabolism variability, we analyze in chapter 3 the intracellular
metabolome of 180 pan-cancer cell lines using untargeted metabolomics. These cell lines are subject
to in-depth normalization to ensure quality in our measurements. We apply metabotyping, a method
based on pathway-centric clustering to identify pathway activity, which our lab previously developed
to investigate breast cancer cell lines. We find that metabotyping does not scale well for large datasets.
We devise an alternative approach that yields improved results. However, we argue that metabotyping
using clustering renders artificial cluster separation and fails to identify functionally relevant metabolic
types.
In chapter 4, to tackle the goal of inferring pathway activity from untargeted metabolomics, we derive
a new method which captures metabolite patterns that are functionally associated with fluxes. This
method employs metabolites, metabolic pathways definition, and principal component analysis to infer
pathway activity. We demonstrate that our method reveals differences in fluxes using published E. coli
and S. cerevisiae datasets. Moreover, we show that metabolite levels can predict some fluxes.
Lastly, in chapter 5, we apply this new method to the metabolomics data for 180 cancer cell lines of
chapter 3. This procedure provides a global view of metabolic operation. We find that cancer cell lines
fall into two main subtypes; one relies on mitochondrial pathways and lipid biosynthesis, and the other
on some sugar metabolism pathways. In follow-up experiments, we demonstrate the validity of the
obtained cancer pathway activity map using 13C labeling. Finally, to decipher the possible molecular
drivers, we integrate all omics to our metabolic phenotypes and find many associations which include
HIF1A, TGF-β, and EMT.
In the concluding remarks, we summarize the key findings of this thesis and assess the significance of
the rather not so heterogeneous cancer phenotypes. We discuss the main metabolic operation of
cancer in vitro and its implications for therapeutics targeting metabolism.
Overall, this thesis showcases the relevance of untargeted metabolomics for the discovery of metabolic
alterations in cancer cells. Our computational method based on biochemical knowledge provides a
powerful data-driven approach to investigate the metabolic operation of cancer.
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Résumé
Cela fait un siècle qu'Otto Warburg a démontré l'activité métabolique aberrante dans les cellules
cancereuses. Il a montré que des tumeurs ont tendance à métaboliser le glucose et à fermenter le
lactate, même lorsque l'oxygène est disponible. Cette découverte a été la première indication du rôle
central du métabolisme dans le cancer. Cependant, des recherches ultérieures ont montré que ce
phénotype métabolique, appelé l’effet Warburg, n'est qu'une des nombreuses stratégies utilisées par
le cancer pour se développer rapidement.
Pourquoi étudier la reprogrammation métabolique dans le cancer? Jusqu'à présent, les thérapies
standards visent principalement les voies de signalisation et les interactions cellulaires. Ces traitements
ont permis d'obtenir certains succès thérapeutiques mais on a constaté l'émergence de résistances.
Même si le métabolisme a joué un rôle crucial dans le diagnostic du cancer, par l'absorption de glucose
radiomarqué, l'utilisation du métabolisme du cancer comme thérapie n'a guère été explorée. Cibler des
réactions métaboliques essentielles pourrait compromettre le fonctionnement du cancer. Découvrir la
manière dont les cellules cancéreuses reprogramment leur métabolisme en identifiant les voies
métaboliques utilisées et leur flux pourrait guider le développement de nouvelles thérapies qui
amélioreraient les résultats des patients, surmonteraient la résistance du cancer ou empêcheraient les
récidives.
Les études métabolomiques à grande échelle, allant de la biotechnologie aux maladies humaines, ont
connu un essor ces dernières années grâce aux avancées technologiques des méthodes analytiques.
Malgré la disponibilité accrue de grands ensembles de données en métabolomique, la plupart des
études reposent sur des statistiques simples pour l'analyse des données, et l'interprétation de ces
résultats reste manuelle. À ce jour, l'un des principaux défis dans le domaine de la métabolomique est
le manque d'approches informatiques qui facilitent l'interprétation. Plus important encore, les mesures
métabolomiques ne peuvent à elles seules révéler le fonctionnement métabolique des cellules, car il
faudrait mesurer les flux métaboliques intracellulaires. Dans les cellules de mammifères, cependant,
les flux sont très difficilement mesurables et leur inférence indirecte à l'aide, par exemple, de la
génomique ou de la protéomique reste insatisfaisante. Ainsi, l'identification des différences
fonctionnelles des cellules cancéreuses, c'est-à-dire la manière dont leurs flux métaboliques diffèrent
à travers le réseau métabolique, n'a jamais été réalisée à grande échelle.
Dans cette thèse, nous explorons l'utilisation de la métabolomique pour identifier le fonctionnement
métabolique dans les lignées de cellules cancéreuses. En mesurant de manière exhaustive les
intermédiaires du métabolisme, les métabolites, dans un panel de 180 lignées cellulaires cancéreuses,
notre objectif est d’élucider l'hétérogénéité métabolique du cancer. En bref, nous voulons identifier
dans chaque lignée cellulaire les voies métaboliques qui sont actives, donc éventuellement
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importantes. Pour ce faire, nous avons appliqué et développé des méthodes informatiques pour
l'intégration des données omiques. L'une d'entre elles permet l'identification des changements de
métabolites liés à l'activité métabolique, en intégrant la métabolomique et la fluxomique. Une autre
permet de déchiffrer les éventuels moteurs moléculaires du phénotype métabolique, reliant ainsi la
métabolomique à toutes les autres omiques.
Pour mettre en place le cadre d’étude, nous passons en revue dans le chapitre 2 les approches actuelles
pour l'intégration de données multi-omique et comparons leur contribution à la production de
nouvelles connaissances biologiques. Nous constatons que la plupart des méthodes reposent
uniquement sur des données pour l'intégration, ignorent les vastes connaissances biochimiques, par
exemple les voies cellulaires, et résultent rarement dans des connaissances mécanistiques. Nous
soutenons que de nouvelles approches informatiques, qui tireraient parti de nos connaissances
biologiques actuelles et des récentes avancées en matière d'apprentissage machine, pourraient
exploiter pleinement le potentiel de ces ensembles de données multi-omique.
Pour une étude approfondie de la variabilité du métabolisme du cancer, nous analysons au chapitre 3
le métabolome intracellulaire de 180 lignées cellulaires cancéreuses en utilisant la métabolomique non
ciblée. Ces lignées cellulaires sont soumises à une normalisation approfondie pour garantir la qualité
de nos mesures. Pour identifier l'activité des voies métaboliques, nous appliquons le métabotypage,
une méthode basée sur le clustering de voies métaboliques, développée précédemment à notre
laboratoire pour étudier les lignées cellulaires du cancer du sein. Nous constatons que le métabotypage
ne s'adapte pas bien aux grands ensembles de données. Nous concevons une autre approche qui donne
de meilleurs résultats. Cependant, nous soutenons que le métabotypage par clustering rend la
séparation des clusters artificielle et ne permet pas d'identifier les types métaboliques
fonctionnellement pertinents.
Dans le chapitre 4, pour atteindre l'objectif consistant à déduire l'activité des voies à partir de la
métabolomique non ciblée, nous élaborons une nouvelle méthode qui identifie les changements
métaboliques qui sont associés aux flux. Cette méthode utilise les métabolites, la définition des voies
métaboliques et l'analyse des composants principaux pour déduire l'activité des voies métaboliques.
Nous démontrons que notre méthode révèle des différences dans les flux en utilisant des ensembles
de données publiées sur E. coli et S. cerevisiae. De plus, nous montrons que les métabolites peuvent
prédire certains flux.
Enfin, dans le chapitre 5, nous appliquons cette nouvelle méthode aux données de métabolomique des
180 lignées de cellules cancéreuses du chapitre 3. Cette procédure donne une vue globale du
fonctionnement métabolique. Nous constatons que les lignées de cellules cancéreuses se répartissent
en deux sous-types principaux : l'un repose sur les voies mitochondriales et la biosynthèse des lipides,
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et l'autre sur certaines voies du métabolisme des sucres. Lors d'expériences de suivi, nous démontrons
la validité de l'activité des voies du cancer obtenue en utilisant le marquage 13C. Enfin, pour décrypter
les moteurs moléculaires possibles, nous intégrons toutes les omiques à nos phénotypes métaboliques
et trouvons de nombreuses associations, dont HIF1A, TGF-β et EMT.
Dans les remarques finales, nous résumons les principales conclusions de cette thèse et évaluons
l'importance des phénotypes de cancer plutôt peu hétérogènes. Nous discutons du principal
fonctionnement métabolique du cancer in vitro et ses implications pour les thérapies ciblant le
métabolisme.
Dans l'ensemble, cette thèse met en évidence la pertinence de la métabolomique non ciblée pour la
découverte des altérations métaboliques dans les cellules cancéreuses. Notre méthode informatique
basée sur les connaissances biochimiques fournit une approche orientée données pour l’étude du
fonctionnement métabolique du cancer.
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General Introduction

1 Metabolism
Metabolism is an essential process of all living organisms, from bacteria to humans. Cells use their
metabolism to transform resources from the environment into essential molecules to sustain growth
[1]. It chemically converts simple molecules into macromolecules; proteins, nucleic acids,
carbohydrates, and lipids, also referred to as the building blocks of life [2]. These chemical conversions,
named metabolic reactions, are facilitated by catalytic proteins named enzymes. The molecules upon
which enzymes act are called substrates, and the enzyme converts the substrates into different
molecules known as products. These intermediates of metabolic reactions are named metabolites.
Almost all metabolic processes in cells need enzyme catalysis to occur fast enough to sustain life [1].

1.1 Metabolic pathways
A metabolic pathway is a series of connected chemical reactions that feed one another in a carefully
designed fashion. Pathways represent the functional units of the cell. They can be broadly divided into
two categories based on their role; those who convert energy and reduce equivalents from fuels into
biologically useful forms, catabolic, and those that require energy to synthesize molecules, anabolic [1].
These two categories complement each other in that energy released from one is used up by the other,
degradative process of catabolic pathways provides the energy required for anabolic pathways.
Moreover, biosynthetic and degradative pathways, e.g., of amino acids, are almost always distinct due
to energetic reasons.

1.2 Metabolic fluxes
Even knowing the topology of all pathways, the metabolic network does not inform on the metabolic
operation. To understand how metabolism functions, one needs to know the metabolic reactions rates
across the network, i.e., the metabolic fluxes. These include the rates of transformation of
intermediates by enzymes and of transport of metabolites from the environment and between
compartments [3]. Fluxes are controlled by multiple layers of regulatory mechanisms, of which enzyme
capacity is influenced by enzyme abundance, post-translational modification, and allosteric regulation
through effector metabolites [4]. In vivo fluxes also depend on reactant concentration, which affects
enzyme kinetics and feedback processes [5]. These regulatory mechanisms enable the control of
metabolism in a precisely coordinated fashion. Coordination of fluxes is essential to achieve anabolic
and catabolic processes and, thus, growth.

2 Current understanding of cancer metabolism
Cancer is a group of diseases that are defined by uncontrolled cell growth. These diseases kill their host
by invading parts of the body, forming metastases. It is known that cancer cells alter their metabolic
activities to support these malignant properties. Because altered metabolic features are observed
across all types of cancer cells, reprogrammed metabolism is considered a hallmark of cancer [6][7].
Indeed, cancer cells need to meet high bioenergetic, biosynthetic, and redox demands in order to
7
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proliferate. The need for fuels, energy, and macromolecules increases in these fast-dividing cells,
resulting in specific metabolic rewiring [8].

2.1 Warburg effect
In the 1920s, Otto Warburg observed that cultured cancer tissues have high glucose uptake rates and
lactate secretion, even when oxygen is available. These three properties are what defines the Warburg
effect [9][10]. This effect was the first example of reprogrammed metabolic pathways, aerobic
glycolysis, in cancer and has been confirmed in many types of cancer cells and tumors [10] [11].
Why cancer cells Warburg?
One hypothesis has been the fulfillment of energy demand. Glycolysis is inefficient in terms of ATP
generation—only making two ATP per molecule of glucose, whereas respiration can make up to 36 ATP
per molecule of glucose [1]. Despite its low efficiency in ATP generation, glycolysis can make more ATP
than respiration by producing ATP at a greater rate 10][12]. However, it has been shown that glycolysis
is not the main contributor to ATP in most cells and not limiting in fast-growing cells [10].
Another hypothesis has been the support of building-blocks synthesis to support growth [8]. Evidence
linking glycolysis to macromolecular synthesis suggests that the reason for high glycolysis activity is to
maintain constant levels of its intermediates as precursors [10][13]. It shows that high glycolysis activity
has some selective advantage beyond making energy.
Interestingly, the Warburg effect is often erroneously thought to occur instead of mitochondrial
respiration [9]. Indeed, the Warburg effect has been wrongly interpreted as evidence for damage to
respiration instead of damage to glycolysis regulation. Indeed, many cancers exhibit the Warburg effect
while retaining mitochondrial respiration [11]. It was found that genetically defined impairments in
oxidative metabolism may stimulate aerobic glycolysis in cancer, but, in general, the Warburg effect
does not predict the defect of mitochondrial metabolism [9]. Thus, even though this first discovery of
metabolic reprogramming happened a century ago, its functioning and role remain unclear and
misinterpreted [14].

2.2 Metabolic reprogramming of cancer
The Warburg effect is not the only instance of reprogrammed metabolism. The intermediates of
glycolysis are not the only ones use as precursors [8]. The tricarboxylic acid (TCA) cycle intermediates
are also needed for macromolecule synthesis [15]. In cancer cells, the replenishing of the TCA
intermediates, termed anaplerosis, can happen at sites other than acetyl-CoA [16]. For example,
glutaminolysis, which produces a-ketoglutarate [17], and pyruvate carboxylation, which produces
oxaloacetate, are well-known metabolic reprogramming of cancers [18][15][19].
As so many pathways have been associated with different cancer types, we selected a few notable ones.
For example, besides glutamine, multiples amino acids are known to be deregulated in cancer, other
8

General Introduction
than glutamine. For instance, serine synthesis, which also contributes to anaplerosis, is necessary for
some breast cancers [20]. In pancreatic cancers, branched-chain amino acids are an essential nitrogen
source as they are incorporated into proteins [21]. In recent years, a significant focus has been made
on lipid metabolism [22][23][27]. In cancers, lipids provide the structural components of the
membrane. They are critical secondary messengers, and they serve as fuels [24]. Numerous studies
have found that fatty acid synthesis is activated in some cancers [24][25]. More recently, it has even
been shown that cancer cells use multiple routes to anabolize unsaturated fatty acids, thus making
them resistant to drug targets [26].
In summary, frequently reprogrammed metabolic pathways allow cancer cells to take up fuels and use
them to produce energy, precursors, and macromolecules and tolerate environmental stress [8].
Overall, these reprogrammed pathways have been mainly studied individually; thus, apart from central
carbon metabolism, it is not yet known which pathways are being co-utilized.

2.3 Drivers of cancer metabolism
Metabolic regulation is driven by factors intrinsic to the cancer cells and factors imposed by the tumor
microenvironment. Here we mainly focus on the intrinsic factors, with an overview of implicated
signaling pathways and some well-known oncogenes. We also reviewed some examples from the
microenvironment, such as the role of hypoxia.
Despite the incredible genetic heterogeneity of cancers [8][28], commonly perturbed signaling
pathways are known to induce core metabolic functions. One important signaling pathway is
phosphatidylinositol 3-kinase (PI3K). This signaling cascade is known to have a broad reach, activating
both AKT and mammalian target of rapamycin (mTOR). This activation can trigger a cascade of event,
which includes the activation of the hypoxia-inducible factor–1 (HIF1) transcription factor, which
upregulates glycolysis, but also the activation of sterol regulatory element-binding protein which
upregulates fatty acid synthesis [8]. Many oncogenes and tumor suppressors genes allow the PI3K-AKTmTOR network to be constitutively activated [29]. Another common pathway in cancer is MYC. MYC
activates uptake and reactions involved in similar pathways as PI3K, namely glycolysis, fatty acid
synthesis, but also glutaminolysis and serine metabolism [8][30]. Mutations in oncogenes, like Kras, can
regulate both PI3K and MYC pathways to promote tumorigenesis [8][31]. Conversely, loss-of-function
mutation of the tumor suppressors such as the p53 transcription factor can have some metabolic effect.
Loss of p53 promotes the formation of tumors because its increase of glycolysis activates anabolism
and redox balance [8][32].
On the other hand, some drivers can be directly associated with metabolism, where enzymes'
alterations result in deregulation. One example is the amplification of phosphoglycerate
dehydrogenase [33]. It catalyzes the first step of the serine biosynthesis pathway, which in turn fuels
9
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the pools of folate for nucleotide synthesis, methylation reactions, and NADPH production [8][33].
Other common enzymatic alterations are the mutations in isocitrate dehydrogenase 1 or 2. They
produce hydroxyglutarate, a reduced form of a-ketoglutarate, which is considered an oncometabolite.
It was shown that excess of hydroxyglutarate contributes to the formation and malignant progression
of brain cancers [34]; however, not acting through metabolism. Similar oncometabolite, i.e., fumarate
and succinate, which accumulates due to their enzymes' mutations, have shown effect outside of the
metabolic network [35]. These mutations reprogram metabolism by impairing TCA cycle flux, resulting
in the accumulation of metabolite which in turn regulates epigenetics. Thus, these oncometabolite can
regulate overarching processes such as tumorigenesis [36][34]. A recent study has shown the crosstalk
between oncometabolite and genomic instability, where an increase in 2-hydroxyglutarate, fumarate,
and succinate disrupt DNA repair [37].
The tumor microenvironment plays a significant role in regulating metabolism. A striking example is a
low-oxygen environment or hypoxia. The metabolic adaptation to hypoxia is coordinated by previously
mentioned HIF1, which induces glycolysis [8][38]. In general, as tumor cells can be far from the
vasculature, they have diminished accessibility to nutrients and oxygen and thus reprogram their
metabolism. To support cell viability, these cells can oxidize fatty acids and branched-chain amino acids.
In summary, reprogramming is partly regulated intrinsically (e.g., by genome mutations). Different
mutations affect similar signaling pathways and thus regulate metabolism through a broad network.
Oncometabolites accumulate as a consequence of genetic alterations in enzymes. Oncometabolites
have effects outside of the classical metabolic network, controlling epigenetics and other functions. The
influences of the microenvironment can extrinsically regulate reprogramming. Moreover, there is a
tight interplay between metabolism and all regulation layers, making it challenging to decipher true
drivers.

2.4 Drugs targeting cancer metabolism
Targeting cancer is not a novel idea. A broad number of clinical trials are already on the way to confirm
agents' targeting metabolic reactions (Table 1). However, some considerations need to be taken into
consideration when determining what makes a favorable metabolic target for cancer therapy. The
inhibition of essential metabolic enzymes can be toxic in normal tissues [39]. The feasibility of targeting
these pathways therapeutically depends on whether it can be tolerated by the other cells, thus the
need to understand cancer-specific metabolic operation [8]. Some drugs have shown great efficiency
in treating this disease. Below we reviewed some selected examples ordered by their target pathways
(Table 1).
Glycolysis was an early interesting target for cancer therapy, given the Warburg effect. Drugs that target
glycolytic enzymes and transporters of glycolytic products, such as glucose transporters, are currently
10
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being tested (i.e., Silibinin [40]) [41][42][43]. Hexokinase, the rate-limiting reaction in glycolysis, is also
being tested as its inhibition successfully prevents glycolysis (i.e., lonidamine [44]). Pyruvate kinase has
been targeted using the drug TLN-232, which inhibits its activity using dimerization [45]. This reaction
is necessary for ATP production. Other examples include phospho-fructokinase [46] and lactate
dehydrogenase [47]. For glycolysis, no inhibitors are yet approved as anticancer agents, and their
efficacy compared to non-cancer tissue in vivo has yet to be determined [36].
Targeting mitochondrial pathways has also been an emerging source of possible therapy. Displayed in
Table 1 are some of the drugs targeting both TCA cycle and oxidative phosphorylation reactions. For
example, dichloroacetate, a pyruvate analog, stimulates pyruvate dehydrogenase and, consequently,
the conversion of pyruvate into acetyl-CoA. This drug changes the metabolic flux in glycolytic cancer
cells with defective oxidative phosphorylation [48]. Alternatively, one can directly target the electron
transport chain. For example, arsenic trioxide increases electron leakage from the mitochondrial
electron-transport chains, which perturbs mitochondrial respiration. This drug has been approved to
treat some leukemia [49] and is being studied in other cancer types. Thus, targeting mitochondrial
metabolism has had more success than targeting the Warburg effect's pathway.
Interestingly, targeting nucleotide synthesis has the most success in cancer treatment as it is the base
of modern chemotherapy (Table 1) [36][50]. These drugs, namely antimetabolites, interfere with RNA
and DNA synthesis. For example, methotrexate disrupts folate metabolism through inhibition of
tetrahydrofolate production by dihydrofolate reductase. It alters the cellular redox balance and blocks
one-carbon metabolism, i.e., purine synthesis [51]. Similarly, 5-fluorouracil inhibits thymidylate
synthetase, thereby blocking the synthesis of thymidine nucleotides and, consequently, DNA replication
[52]. As the following agents are routinely used for the treatment of a wide range of cancers, it is safe
to say that targeting metabolism with therapies of nucleic acid synthesis has already yielded great
success. However, these therapies affect other non-cancer cells as they block essential processes, i.e.
replication, also used in normal cells. Thus, resulting toxicity can emerge, and they are limits to their
utilization [8]. Moreover, these therapies are not effective for all cancers. There is hence a need to
target metabolic processes that are deregulated specifically in cancer cells.
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Target pathway and protein

Drugs

Dev. stage

Ref.

Glucose uptake

WZB117, Silibinin

Preclinical Studies

[41][42][43][40]

Hexokinases

Lonidamine

Clinical Studies (II)

[44]

Phospho-fructokinase

PFK158

Preclinical Studies

[46]

Pyruvate kinase

TLN-232 and RNAi

Clinical Studies (II)

[53][45]

Lactate dehydrogenase

GNE-140, FX11, Galloflavin

Preclinical Studies

[47]

Dichloroacetate

Clinical Studies (II)

[48]

α-ketoglutarate
dehydrogenase

CPI-613

Clinical Studies

[54]

Isocitrate dehydrogenases

Ivosidenib, GSK321,
ENASIDENIB, and RNAi

Clinical Studies

[55]

Glycolysis

TCA Cycle
Pyruvate dehydrogenase
kinase

Oxidative phosphorylation
Mitochondrial complex I

Metformin, phenformin

Mitochondrial complex III

Arsenic trioxide

Clinical Studies (III)
for cancer
Approved

[56]
[49]

Nucleic acid synthesis
Dihydrofolate reductase
Thymidylate synthase
Adenine/adenosine
deaminase
DNA polymerase/
ribonucleotide reductase

Methotrexate, pemetrexed
(Antifolates)
5-fluorouracil (pyrimidine
analog)
Pentostatin,
6-mercaptopurine, and
cladribine (purine analog)
Gemcitabine, cytarabine,
and fludarabine (purine/
pyrimidine analog)

Approved

[51]

Approved

[52]

Approved

[57]

Approved

[50]

Table 1. Examples of drug targeting metabolic pathways for cancer treatment and their development status.
Adapted from [36]. Abbreviation; Dev. Stage, Development Stage; Ref, References; RNAi, RNA interference.

2.5 Large-scale studies of cancer metabolism
To this date, only a few studies have systematically investigated metabolic reprogramming using
metabolomics.
Jain et al. 2012
Jain et al., the first large-scale study, reported the uptake and secretion rate of 219 metabolites in a
panel of 60 cell lines [58]. Using correlations between these rates and the growth rates, they
demonstrated glycine's role in rapid proliferation. They also showed that the expression of the
mitochondrial glycine biosynthetic pathway was strongly correlated with growth. Inhibiting both
12

General Introduction
glycine uptake and mitochondrial biosynthesis affected rapidly proliferating cells. They showed that
this pathway was associated with more significant mortality in cancer patients. Their results revealed
broad heterogeneity in uptake and secretion patterns across cell lines, which remained unexplored and
unaddressed by the authors.
Ortmayr et al. 2019
More recently, Ortmayr et al. [59] have studied the interplay between transcriptional regulators and
metabolic reprogramming. They metabolically profiled 54 cell lines and correlated the resulting
metabolite levels with transcriptional regulators, which were inferred from transcriptomics. Using this
omics integration approach, they identified a global regulatory signature coordinating glucose and onecarbon metabolism, suggesting regulation more diverse and flexible than previously appreciated. As
correlation remains descriptive and not causative, questions about the mechanism in which this
transcription factor regulates these metabolic changes would need to be addressed.
Li et al. 2019
To characterize the landscape of cancer cell line metabolism, Li et al. profiled 225 metabolites in 928
cell lines. They used this resource to identify associations between metabolites and genetic alterations,
epigenetic features, and gene dependencies. These associations enabled the authors to identify
metabolically functional alteration in genes that can be used as vulnerabilities. They identified that a
subset of cells with aberrant hypermethylation of asparagine synthetase were sensitive to asparaginase
therapy. They revealed distinct synthesis and secretion patterns of kynurenine, an immune-suppressive
metabolite. Nevertheless, the authors have not explored the vast number of strong associations that
are not biochemically linked. It remains unclear whether genetic alterations alone could explain the
differences in metabolite levels.
Chen et al. 2019
To study cancer's metabolic heterogeneity, Chen et al. [60] analyzed 80 lung cancer cell lines and
measured metabolic features, mostly from

13

C enrichment of 6 metabolites in central carbon

metabolism. By correlating these metabolic features to other omics, they identified some relationships
with single oncogenic drivers. They found more relationships with orthogonal data, which include DNA
methylation, gene expression, proteins, and therapeutic sensitivity. Interestingly, they found a nearly
tenfold range in glucose uptake and lactate secretion. Even so, some cell lines' glucose uptake exceeded
lactate secretion, thus resulting in a notably non-Warburg form of metabolism [60] [61]. Yet, the
authors only focus on few pathways, TCA and serine synthesis, because of limited coverage and
interpretability reasons.

13

Chapter 1
Overall, these studies have investigated metabolite levels separately, doing correlation or association
of single metabolite with different traits or omics. Thus, identifying global metabolite patterns
associated with cancer traits has not been tackled in the current literature. Moreover, the integration
method using simple statistics could be improved by more sophisticated approaches.
Of note, several studies using genomic screens, e.g., CRISPR knockout, aimed at understanding cancer
metabolism [20][62][63]. Even though extremely informative, these screens evaluate the cell fitness
upon knockout and do not directly provide a readout of enzyme activity. Due to the redundancy in
metabolism, enzymes that catalyze the same reactions, and the multiple metabolic routes used for
making intermediates, these screens cannot comprehensively identify metabolic operation.

3 Tools to study metabolism
The actual readout of metabolic activity in a cell is its metabolic fluxes, i.e. the velocity at which
metabolic reactions occur. However, as rates are not physical entities, they cannot be measured directly
[64]. Hence one must rely on indirect measurements to assess metabolic phenotypes. Below, we
present some techniques to study metabolism and contrast their advantages and limitations.

3.1 Fluxomics
Metabolic flux analysis (MFA)
MFA estimates intracellular metabolic fluxes by using a combination of stable isotope-labeled
substrates, metabolic models, and computational analysis approaches [65]. The technique can be
divided into stationary MFA, which requires cells to be at isotopic steady-state, and non-stationary
MFA, which is determined over time at non-isotopic steady-state [66]. Both stationary and nonstationary MFA relies on the quantification of mass isotopomer distribution vector of specific
metabolites [67]. For stationary MFA, these mass isotopomer distribution vectors are used to estimate
flux ratios, for example, glycolysis versus pentose phosphate pathway flux, given the metabolic network
structure and the right stable isotope substrates [3][68]. Using uptake and secretion rates and
modeling, stationary MFA can estimate the absolute fluxes in most central carbon metabolism
pathways [66]. Non-stationary MFA, on the other hand is used to calculate local flux ratios [69].
Overall, most MFA methods were developed to study microbes in control environments [65].In
mammalian cells, this task is hindered by the cellular compartments, complex media, metabolic
networks, and the propagation time of labeling through the network [65] [70]. These scenarios
drastically increase MFA's complexity and, thus, its application to quantify flux in mammalian cells [65].
Moreover, MFA is limited to central carbon metabolism, namely glycolysis, TCA, and pentose phosphate
pathways (Table 2). For mammalian cells, quantifying the fluxes of the whole metabolic network
remains a challenge [71].
Flux Balance Analysis (FBA)
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FBA is a mathematical approach for analyzing the flow of metabolites through a metabolic network
[72]. It has been applied to predict fluxes in the metabolic network [73]. To make its predictions, FBA
uses network reconstructions, the known metabolic reactions of an organism, and constraint-based
modeling [74] [72]. FBA relies on two primary assumptions; cells operate at metabolic steady-state,
unchanged over time, and cells organize their fluxes to maximize a cellular objective. The latter criterion
is necessary to select the most probable flux solution as the number of possible fluxes satisfying the
steady-state constraint is vast. The problem is that defining the cellular objective, i.e., maximization of
growth, is not trivial, even in microbes [75][76]. For mammalian cells, the choice of a sensible objective
function is a significant issue when applying FBA [73]. Despite reducing the fluxes solution space, the
cellular objective's constraint is often insufficient to provide a unique feasible solution, especially in
these large metabolic networks. Studies have tried to constrain the solution space by using metabolite
uptake and secretion rates [77] or other omics measurements, such as gene expression levels [78].
However, despite the success of some of FBA approaches [79], they suffer from the difficulty of finding
adequate constraints for flux predictions, especially in mammalian models (Table 2) [73].

3.2 Metabolomics
Metabolomics is the study of all of the metabolites, the metabolome, in a biological system
[80][81][82][83]. Metabolomics allows the study of metabolites of a biological sample using
quantitative and semi-quantitative techniques, which commonly include nuclear magnetic resonance
(NMR) or mass spectrometry (MS) analytical platforms [84]. Metabolomics can be subdivided into two
main approaches, targeted and untargeted.
Targeted Metabolomics
Targeted metabolomics enable the quantification of a few defined and well-characterized metabolites,
typically focusing on one pathway of interest [85]. Targeted metabolomics is often driven by a specific
biochemical question or hypothesis that motivates the investigation of that pathway. Commonly used
analytical platforms for targeted include NMR, gas chromatography coupled mass spectrometry (GCMS), and liquid chromatography coupled mass spectrometry (LC-MS) [3]. To this today, GC-MS is the
most widely used method for detecting metabolites. It is also used to quantify mass isotopomer
distribution vectors used for MFA, as presented in the above section [3].
The most significant advantage of targeted metabolomics is that it quantifies the absolute
concentrations of the studied metabolites (Table 2). It also distinguishes between similar metabolites,
resulting in accurate metabolite identification and can be applied to any organism. However, limitations
encompass low sample throughput, limited metabolites, and predefined metabolites (Table 2).
Untargeted Metabolomics
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Untargeted metabolomics aims at simultaneously measuring as many metabolites as possible from
biological samples without bias [84]. Several technological platforms are available for performing
metabolomics, though LC-MS is the most widely used as it detects thousands of signals from the
metabolic extract of a biological sample [44]. However, the development of flow injection MS, a
chromatography-free approach, has been proven to maximize analytical throughput and still allow
analyte discrimination in complex samples [86]. This approach allows for the measurement of over 1400
samples per day, with the limitation of not separating isomers (Table 2) [86]. In general, MS approaches
for untargeted metabolomics detect thousands of metabolic ions. These are commonly annotated to
metabolites based on a combination of accurate mass, retention time, isotopic pattern, and
fragmentation pattern, which are available in the following databases; METLIN [87], Kyoto Encyclopedia
of Genes and Genomes (KEGG) [88], HMDB [89] and Biocyc [90]. For unknown and novel metabolic
features, tandem mass spectrometry can provide preliminary characterization [87][91].
Altogether, untargeted metabolomics combines high throughput measurements, broad coverage,
unknown metabolite discovery, and can be applied to any organism. However, it does not allow for
absolute quantification, and thus the resulting metabolite measurements are semi-quantitative (Table
2). As mentioned before, there is some uncertainty in the metabolites annotations, where multiple
metabolites are annotated for the same ion [92]. Finally, untargeted metabolomics is subject to various
forms of unwanted variations, which can arise from within platform variation (Table 2). Such variation
must be removed using sophisticated normalization to focus on the biological information of interest
[93][94].

3.3 Comparison of fluxomics and metabolomics

Fluxomics
FBA

Metabolomics
MFA

Targeted

Advantages

• Quantified fluxes
• High throughput
• Coverage

• Quantified fluxes
• Flux Ratios

• Quantitative
metabolite
concentrations
• Confidence in
metabolite
identification
• All organisms

Limitations

• Accuracy of flux
predictions
• Underlying
hypothesis (objective
function)
• Best perform in
simple organisms

• Low throughput
• Limited coverage
(focus on CCM)
• Simple organisms
only

• Low throughput
• Limited number of
metabolites
• Predefined
metabolites

16

Untargeted
• Coverage
• High throughput
• Novel metabolite
discovery
• All organisms
• Metabolite semiquantitative
• Uncertainty in
annotations
• Measurements
unwanted variation
(batch)
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Table 2. Overview of the advantages and limitations of fluxomics and metabolomics approaches. Adapted from
[95]. Abbreviation; MFA, Metabolic Flux Analysis; FBA, Flux Balance Analysis; CCM, Central Carbon Metabolism

As displayed in Table 2, both approaches have their advantages and limitations. However, the main
differences come from the insight gain from measuring metabolites compared to fluxes. Even though
untargeted metabolomics is more versatile and has yielded many significant findings into many
biological problems [94], some drawbacks remain from the knowledge gained from such data.
Metabolomics offers a static snapshot that cannot be directly translated into the metabolic network's
functional information [3]. In contrast, fluxes give a complete understanding of cell metabolism. Even
though metabolites play a role in controlling fluxes, they are not the only players. The reactions rates
result from the interplay of enzymes, carriers, and substrates in the environment [3].
The study by Dubuis et al. [96] has tried to reconcile the relationship between metabolites and fluxes.
They have developed a computational method, named metabotyping, to infer pathway activity, that is,
differences in fluxes, using metabolite levels solely. Using clustering, they identified cells with
conserved metabolite patterns conserved in those pathways called metabotypes. They have shown that
metabotypes of cancer cells are qualitatively associated with flux changes, which they confirmed by
13

C-experiments and indirectly by sensitivity to inhibition.

Overall, knowledge of metabolic fluxes is essential to identify mechanisms of metabolic regulation. It
can increase our understanding of the interplay between metabolism and cellular decisions [97][98].

17

Chapter 1

5 Aims and outline of this thesis
Cancer cells reroute their metabolism to sustain growth and proliferation. Increased activity in specific
metabolic pathways, i.e., glycolysis, glutaminolysis, and fatty acid synthesis, enables some cancer cells
to grow, invade, and metastasis. However, all cancer cells are not homogeneous in their use of
metabolism. Instead, it is believed that cancer uses a myriad of strategies to sustain their survival, thus,
resulting in a heterogeneous metabolic phenotype. To this date, very few studies have investigated
cancer metabolism by measuring its intermediates, metabolites. Moreover, the focus has mainly been
on individual pathways, ignoring the crosstalk and co-dependence of metabolic pathways. Motivated
by the difficulty to measure metabolic fluxes in cancer, we set out to explore the use of metabolomics
to infer metabolic activity in cancer cells. In this thesis, we aim at unraveling the heterogeneity in cancer
metabolism using untargeted metabolomics. The main goal of this work is, on the one hand, the
development of computational approaches to facilitate metabolomics data analysis and, on the other
hand, the application of these approaches to investigate the metabolic operation of cancer cell lines.
The thesis is organized into the following chapters.
In chapter 2, we present current approaches for omics integration. We reviewed recent multi-omics
studies and compared their contribution in generating novel biological insights, with a particular focus
on metabolism.
In chapter 3, we aim at unraveling cancer's metabolic operation. To do so, we measured and analyzed
a new panel of 180 pan-cancer cell lines using metabolomics. We inferred pathway activity using a
previously developed method for metabolomics analysis to identify metabolic operation, named
metabotyping. We evaluated the performance of metabotyping on this large-scale dataset and found
critical limitations.
In chapter 4, we developed a new computational method for metabolomics analysis. Inspired by
metabotyping, the method employs metabolic pathways and principal component analysis to identify
metabolic activity from metabolites levels alone. To test the method, we evaluated using published
datasets if levels of the metabolic intermediates of a pathway revealed flux changes. We demonstrated
that the method successfully identifies metabolite changes related to pathway activity.
In chapter 5, we aimed at unraveling cancer's metabolic operation and drivers. We applied the method
developed in chapter 4 to the 180 cancer cell line panel. We discussed the resulting metabolic activity
map and validated it using 13C labeling. We demonstrated that cancer has two main types of metabolic
operation; one relies on mitochondrial pathways and lipid biosynthesis, and the other on sugar
metabolism. Finally, we deciphered the molecular drivers of cancer operation using omics integration.
Using a newly developed approach and all available omics, we found many drivers of cancer's metabolic
operation, which include HIF1A, TGF-β, and EMT.
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In the concluding remarks, we discussed the relevance of our method, particularly for discovering
metabolic alterations in cancer cells. We presented key findings and potential fields of application of
the method. We suggested further experiments to deepen the understanding of cancer's metabolic
operation and discuss the potential relevance of these biological findings for cancer therapy.
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6 Additional projects
The following project was part of my work but was not included in this thesis.

Till Ringel, Nina Frey, Femke Ringnalda, Sharan Janjuha, Sarah Cherkaoui, Stefan Butz, Sumana
Srivatsa, Martin Pirkl, Giancarlo Russo, Lukas Villiger, Gerhard Rogler, Hans Clevers, Niko
Beerenwinkel, Nicola Zamboni, Tuncay Baubec, and Gerald Schwank.
“Genome-Scale CRISPR Screening in Human Intestinal Organoids Identifies Drivers of TGF-β
Resistance”. Cell Stem Cell. 2020. 26(3):431-440.e8.
• Contribution: Developed computational method for CRISPR screen analysis and contributed to the
data visualization.
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Abstract
The number of studies that collect and publish large-scale multiomics data is rapidly increasing. So far,
we have not realized the full potential of the biological insights that can be drawn from integrating
these data. In this review, we present the different existing approaches for such multiomics integration
and highlight innovative articles that present new methods or biological insights. We claim that the
difficulty in scaling remains one of the main reasons for the underuse of dynamic mechanistic models
and discuss the potential of machine learning to disrupt this scientific field as it has done for many
others.

Introduction
The genomics revolution marked the transition from focusing on a handful of genes at a time to
simultaneously measuring as many of these cellular components as possible. The study of many other
biological entities, such as mRNA transcripts, proteins, or metabolites, has since followed similar paths,
carrying with them the -omics suffix. The logical next step, denoted as multiomics, was to scale up the
number of different omics performed in each study, boosted by the increasing popularity of
collaborative science and the availability of service providers that facilitate outsourcing some/most of
these analyses (Figure 1a) [1-4]. As more and more biological data sets are being gathered at a rapidly
accelerating pace, the data analysis problem is greatly exacerbated, in particular, the challenge of
drawing biological insights from it. In this review, we define integration as the process of analyzing
multiomics data sets in a synergistic fashion, in contrast to separate omics analysis, in the prospect of
gaining more knowledge from the combination. In 2013, the U.S. National Institute of Health (NIH)
started the Big Data to Knowledge program to foster development of new ways to analyze the
overwhelming amount of gathered data [5]. For example, one of the program’s test-case data sets,
Trans-Omics for Precision Medicine, aims to collect whole-genome sequences, DNA methylation
signatures, transcriptomics, metabolomics, and proteomics from 120,000 individuals.
These and other multiomics databases lay the foundation for medical prognosis tools or predicting
disease trajectories. Even though the number of multiomics studies increases steadily (Figure 1b and
c), surprisingly few of them integrate different omics and even fewer develop novel ways for performing
the integration. Although general statistical methods exist for analyzing multiomics data [7,8], they do
not consider known mechanistic or functional interactions between the measured components. Models
describing these interactions on the physical level are key for a deeper understanding of the underlying
mechanisms. The most common abstraction that ubiquitously appears in such models is the network
[9], but more often than not, more specific descriptions that include quantitative and temporal
information are necessary to capture biological phenomena. Here, we review recent work that
presented novel approaches for integrating omics data or provided biological insights from such
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integration (Figure 2), broken down into two main categories: datadriven and knowledge-based
approaches.

Figure 1. Breakdown of PubMed publications where one or more omics were used. (a) The total number of articles
published per year per omics since 2000. We included both -ome and -omic in the search of each of the four types
(e.g. genome or genomic for the genomics query). The number of transcriptomics articles might be underestimated as
the term transcriptomics is often times replaced by gene expression. Because of a change in naming conventions, the
terms RNAseq and microarray were included in the transcriptomic query. (b) A Venn diagram showing the overlap of
articles that include one or more omics, published between 2000 and 2017. Multiomics is defined as a publication that
includes more than one type of omics. To date, the most common omics overlaps are genomics + proteomics and
genomics + transcriptomics, which together amount to more than 10% of all omics articles. (c) Percentage of
multiomics publications (not counting genomics) of the total publications with at least two of the three omics:
transcriptomics, proteomics, and metabolomics. Genomics was omitted in order not to bias the results because the
term genome is often used in other contexts (e.g. genome-wide or genome-scale). All PubMed queries were
performed using BioPython [6], and the scripts can be found on the GitLab repository https://gitlab.com/elad.
noor/cosb18-multiomics-integration.

Data-driven approaches
Although the number of multiomic studies is rapidly increasing, the diversity of methods for integrating
these data remains limited. Rather than relying on prior information such as component interaction or
kinetic parameters, the most commonly used methods are purely data driven. We classify such
methods into three categories: statistical approaches (e.g. correlation, enrichment analysis),
unsupervised methods (clustering, factorization, dimension reduction techniques, and so on), and
supervised machine learning.
29

Chapter 2
Statistical methods
The most widely used data-driven methods for interpreting multiomics data sets are based on simple
statistics, such as correlations or associations. Changes in measured entities such as proteins, mRNAs,
or metabolites are compared across conditions, assuming their levels will respond similarly if they are
involved in the same biological process. Such methods are commonly used in genome-wide association
studies to associate genetic variants to phenotypes. As an example, a recent study of mitochondrial
phenotypes collected genomic, transcriptomic, proteomic, and metabolomic data from nearly 400
mice, amounting to one of the most comprehensive multiomics data sets to date [3]. Correlating
genetic loci with concentration changes through molecular quantitative trait locus1 analysis, novel links
between genes, proteins, and metabolites were identified and associated with complex metabolic
phenotypes. More recently, a similar analysis of mammalian cells used correlation of proteins and
metabolites to profile the temporal changes throughout the cell cycle [10].

Figure 2. Scheme of two archetypal approaches to multiomics data integration. Data-driven approaches
choose models that require fewer parameters or prior knowledge, therefore offering an abstract
representation of the interactions between the entities. Knowledge-based approaches require more assumptions and heavily depend on literature information to populate a concrete mechanistic model but can
provide more mechanistic understanding.

1

A quantitative trait locus is a section in the genome whose sequence correlates with a quantitative trait that
varies across individuals in the population.
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Focusing on the small genome microbe Mycoplasma pneumoniae, nonparametric statistics pointed to
correlations within large multiomics data sets [11]. For example, multivariate adaptive regression
splines2 allowed to infer factors that contributed most to mRNA and protein abundance, surprisingly
revealing that protein half-life and the frequency of acetylation sites contributed more to protein
abundance than mRNA levels. Even for well-studied model organisms such as Escherichia coli, very little
is known about interactions between small molecules and transcription factors. By correlating
metabolomics with measured promoter activities, Kochanowski et al. [13] identified the three major
input signals into the transcription factor network that suffice to explain gene expression in central
metabolism under more than twenty conditions and suggested novel allosteric interactions of
transcription factors. Statistical methods have the advantage of generating hypotheses rapidly by
linking the different omics variables to one another; however, these links do not always reflect
causality.
Unsupervised methods
Statistics methods typically evaluate single or pairs of variables at a time, rather than taking full
advantage of high dimensional data. Because processing all information concurrently, or even just
visualizing it, can be challenging, often unsupervised methods are used to reduce data dimensions, to
highlight underlying factors within the data or to identify clusters on the basis of similarity.
Unsupervised methods use machine learning algorithms to identify patterns without reference to
known outcome, using unlabeled samples. For holistic analysis of high-dimensional data sets, a new
technique based on matrix factorization was successfully used to identify patterns that can later be
interpreted and given biological context (see review [14]). As a variant of matrix factorization,
multiomics factor analysis unravels principal sources of variation and allows to infer low dimensional
factors that are representations of the original data [15]. In an application of MOFA to single-cell multiomics data, the advantage of learning continuous factors (rather than discrete) was demonstrated for
the first time and used to identify coordinated transcriptional and epigenetic changes along cell
differentiation. In brief, factorization methods decompose the variation of omics data and these factors
can then be related to the studied phenotype.
Nonlinear dimension reduction techniques, such as T-distributed stochastic neighbor embedding (tSNE3) and unsupervised clustering, are powerful to characterize diverse cell types from single-cell omics

2

Multivariate adaptive regression splines is a nonparametric regression analysis method that is able to fit
nonlinear relationships [12]
3

t-distributed stochastic neighbor embedding is a high-dimensional data visualization method based on nonlinear embedding in two or three dimensions that aims to conserve the original distances.
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data. Frequently, each omics dataset is reduced using t-SNE, they are then clustered, and the clustering
results are compared to the cell typing results from flow cytometry (see review for all single-cell
integration approaches [16]). This approach provides information on which omic is most informative
for each cell type. For example, combining transcriptomics and proteomics in single-cell measurements
successfully identified an unknown immune cell type that could not have been found without
unsupervised methods [17]. However, one should be aware that unsupervised methods assume that
the largest signal in the data is biologically meaningful. This might not always be the case if unwanted
covariates, such as batch effects, are driving this variation.
Supervised machine learning
Machine learning has been hailed as a boon for the new era of data-rich biology for some time now
[18-20]. In supervised learning, a set of input attributes are used to predict the value of a target.
Machine learning algorithms based on linear models, such as regression, have been extensively used
for such purpose. Supervised machine learning has proven useful in many applications, such as
predicting synergistic drug combinations [21], microbial interactions [22], and classifying skin cancer
[23]. More recently, complex machine learning algorithms such as deep neural networks have been
developed to easily handle very large data sets and identify highly intricate patterns that may help in
predicting biological functions, and they will increasingly be used for the integration of omics data. The
challenge lies in gathering enough curated data to train the algorithm and measure its success.
A recent study of gut microbiota of 220 patients with inflammatory bowel disease has used both a
statistical approach and supervised machine learning to integrate metagenomics with metabolomics
and predict the disease status [24]. Using correlations, Franzosa et al. could identify metabolites
associated with microbial species abundance measured in each of the two inflammatory bowel disease
subtypes, and using random forest, they trained this machine learning classifier to predict a patient’s
disease status on the basis of metagenomics, metabolomics, and their combination. The integration of
microbial species and metabolites did not, however, improve the high predictive power of using
metabolites solely.
A comparative study of five unsupervised multiomics integration methods demonstrated that
combining more omics can improve the accuracy of clustering but on the other hand might add noise
and decrease signal strength [25]. This highlights the opportunity and the danger of adding more and
more layers of information into one’s model. Thus, there is an urgent need for robust, coherent, and
statistically sound methods that will facilitate multiomics integration, while preventing bad practices
such as p-hacking, a known phenomenon where scientists increase the significance score of their
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study by subtle manipulation of the data (e.g. by not including some of experimental results in the
statistical analysis).
A priori, all data-driven integrations could be performed using machine learning. These methods have
the potential to identify patterns from excessively large omics data to predict complex phenotypes and
generate novel hypotheses. Even though machine learning holds great promise for omics integration,
few applications have delivered, solely from data, mechanistic understanding of a biological system
(Figure 2). Like other data-driven approaches, machine learning hardly considers the vast existing
biochemical knowledge, as this is a very challenging task. It thus delivers plausible novel relationships
but rarely reveals causality or evidence for direct interactions. In the following sections, we therefore
review how existing knowledge-based methods have been successfully applied to multiomics data
integration.

Knowledge-based approaches
To achieve mechanistic understanding, one needs to move beyond purely data-driven approaches and
capitalize on the extensive prior knowledge about component interactions. In this section, we focus on
studies that exemplify (in our eyes) the process of conducting knowledge-based studies. Notably, these
examples do not always use knowledge-based approaches exclusively, but rather combine them with
data-driven methods.
There are many ways to divide knowledge-based approaches into subcategories. Here, we chose to
distinguish models on the basis of interaction networks from dynamic mechanistic ones (or topological
versus kinetic). In a sense, this separation is superficial, and it might not always be obvious to which
category a certain paper belongs. For example, using boolean logic to simulate signaling networks lies
somewhere in between. Furthermore, constraint-based genome-scale metabolic models (which appear
in many of our examples) would classically fall in the network category. In the recent years, however,
more and more applications use the same models to predict dynamic metabolic behavior even without
explicitly solving systems of ordinary differential equations (ODEs). Nevertheless, we believe this
distinction is helpful to understand the difference in how the two categories approach multiomics
integration.
Interaction networks
Sequence-based data from genome to proteome is naturally easier to enrich with literature data
because the sequence information itself is transferred directly from DNA to protein. A good example is
comparing transcriptome and proteome to shed light on translation efficiency, post-translational
modification, and protein half-life [11,26]. Because metabolites are not directly and certainly not
unambiguously connected to the other data sets [1,27,28], their integration requires some type of
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interaction network [29,30]. Such interaction networks are primarily metabolic models that rely on our
advanced knowledge of enzymatic reactions [31] but may also include less mechanistic interaction
maps, such as those between metabolites and genes that became available recently [32] and have been
used to infer the underlying genetic basis for metabolite responses [33]. Here, we focus on knowledgebased methods that integrate metabolomics and sequence-based data sets to learn about interactions
between genes/proteins and metabolites such as regulation mechanisms.
One of the key questions is which mechanism regulates metabolic function, that is, flux. Gerosa et al.
gathered transcriptomic, metabolomic, and fluxomic data of E. coli grown under different conditions.
By systematically comparing the flux through each reaction in central metabolism to the different
factors that affect it namely, enzyme abundance, substrate level, and thermodynamic driving
forcedthey were able to suggest which mechanisms regulate the flux when cells transition from one
environment to another [34].
The Rabinowitz lab used a similar multiomic data set to specifically study the regulation of flux by small
molecules (i.e. allosteric regulation and substrate/product inhibition). This systematic identification of
meaningful metabolic enzyme regulation combined steady-state proteomic, fluxomic, and
metabolomic data to suggest control mechanisms that regulate the flux in one reaction at a time [35].
By fitting a detailed metabolic rate law that uses the concentrations of an enzyme, together with all its
substrates and products, and testing whether one or two allosteric regulators can improve that fit, they
identified 29 yeast enzymes where regulation by a metabolite was statistically supported. The works of
Hackett et al. and Gerosa et al. together are an inspiring demonstration of how multiomics data can
(paradoxically) reduce the amount of computation required for modeling a system. Directly observing
most (or all) of the time-dependent variables circumvents the need to simulate a kinetic model and
instead fits a kinetic rate law for every single enzymatic reaction, one at a time.
The Milo lab used a similar focus on single reactions to bypass the need for a kinetic rate law altogether,
by simply comparing fluxomic and proteomic data across many conditions and finding the maximal keff
that is, the ratio of flux to protein abundance for a specific reaction [36]. This way, they were able to
predict in vivo turnover rates for 132 E. coli enzymes. Such effective enzyme turnover rates have
become increasingly valuable as models of metabolism have grown in complexity to include protein
translation and genetic regulation [37-39]. By constraining the maximal possible flux in each reaction,
based on the enzyme abundance and keff, Sanchez et al. [40] showed how genome-scale metabolic
models predict phenotypes such as growth rates and overflow metabolism more precisely than
previous approaches. As with previous examples, using the notion of keff helps in overcoming the
computational complexity that is required for solving dynamic models of enzyme kinetics, by keeping
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the system linear and greatly reducing the number of variables and parameters (e.g. metabolite
concentrations and Michaelis Menten constants can be ignored).
One of the first approaches that combined machine learning and biochemical knowledge came from
the Ralser lab. Rather than using simplified kinetic models or focusing on single reactions at a time, they
applied a hybrid approach combining a metabolic network with machine learning to construct a
predictive model of metabolite abundances [41]. They showed that half of the variation in metabolite
concentrations among yeast kinase knockouts can be predicted from proteomic measurements of
enzymes that are 1e2 steps away in the network. The significance of this finding is that although we do
not have a mechanistic description of how enzyme abundances determine steady-state metabolite
levels, the information is there and can be used predictively. From the comparison of 12 different
machine learning algorithms, ridge regression (a type of linear regression) was demonstrated to have
the highest predictive value, although it is simpler and involves fewer parameters and more stringent
assumptions than other algorithms.
The works from the Rabinowitz, Milo, and Ralser labs are promising examples of interdisciplinary
science. All cases start by gathering multiomics data, but rather than applying the data-driven methods
discussed earlier directly, the authors added an intermediate step, where prior knowledge (e.g. about
the metabolic network or mechanisms of enzyme kinetics) was used to focus the analysis and to infer
high-quality information and insights from it. Finally, statistical or machine learning methods were
applied to validate the models.
Constraint-based models, such as flux balance analysis, originally focused only on metabolic networks
and are now being expanded to include more cellular processes, such as translation and transcription.
These algorithms, together with a growing set of tools, facilitate the integration of genomic,
transcriptomic, and metabolomic data and aid in interpreting multiomic analyses [42e 46]. However,
while the use of prior information in the form of molecular component interactions improves biological
insights, the primary value of such approaches is in generating new hypotheses. The ability of such
models to simulate a given system is somewhat limited because they do not typically represent the
observable entities in a quantitative fashion (unlike dynamic models which we discuss next). On the flip
side, topological models are much more scalable and have proven to be very useful in countless
applications, such as predicting gene essentiality, metabolic engineering, drug design, and stability
analysis.
Dynamic mechanistic models
To maximize predictive power and mechanistic insights on the molecular level, ODE simulations based
on physical models of binding and catalysis remain the gold standard. Combining such mechanistic
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models for all the different systems that exist within a cell is one of the biggest challenges in system
biology [47]. A very precise model of an entire human cell, for example, could potentially make all
experiments in live cell cultures obsolete. However, simulating large ODE systems is a computationally
intensive task, and therefore, most contemporary computational efforts focus on specific cell
compartments or processes [48], use a higher level of abstraction such as logic modeling for gene
regulation networks [49], or use linear kinetic rate laws for metabolic networks [43,50,51]. Others take
advantage of the separation of timescales between metabolic response (seconds) and gene expression
(minutes), to construct a bilevel model where proteins are assumed to have constant concentrations
on the short time scale and metabolites are assumed to reach quasi-steady-state in the long time scale
[52e56]. These approaches allow modelers to avoid integrating large ODE systems and are partially
solved by linear programming.
In the recent years, larger models with more concrete kinetic rate laws have been developed for E. coli
[57,58], Saccharomyces cerevesiae [59], and even human cells [60]. However, increasing the scale of
mechanistic models requires more than just faster computers but also depends on the combined effort
of countless biochemists for collecting the relevant parameters and interaction networks [61]. So far,
there are no high-throughput methods for experimentally measuring binding constants, enzyme
MichaeliseMenten constants, or reaction equilibrium constants, and even if those were known, one
would need to know the regulatory mechanisms that modulate them.
Owing to these challenges, dynamic models are rarely used to integrate multiomics data, and when
they are applied, only small subsets of the entire omics data are actually utilized. Perhaps this explains
why knowledgebased approaches are often discarded completely and replaced by data-driven
methods. For instance, understanding the relevant mechanisms that cause high-level, emergent
phenomena such as disease state in humans is extremely complex and would likely require an
impossibly large model. One could imagine, though, that mechanistic models of disease-relevant
subsystems such as a signaling pathway could be combined in hybrid models with more coarse-grained
interaction networks to make use of the entire omics data set.

Conclusions
Multiomics articles will be more frequent in the near future, and promising new high-throughput
methods such as limited proteolysis for unbiased, and proteomewide profiling of protein
conformational changes [62], proteomics of proteoforms [63], single-cell omics measurements [17], or
small-molecule interactions [64] will be more routinely added to the repertoire. Such rich multiomics
data sets will inspire the development of more complex mechanistic models that can take advantage
of the new data. For example, genome-scale metabolic models have already began to routinely
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integrate transcriptomic and proteomic data [43], and we will likely have more layers of information
added in the near future.
Hence, there will be an increased demand for datadriven and knowledge-based integration methods.
In this context, machine learning holds great promise and is already used intensively in biomedical
applications [65,66]. It remains presently unclear how this powerful approach can actually forward our
understanding of biological systems. The difficulty of ‘looking into the brain’ of a learning algorithm is
a known problem and is under active research by computer scientists. Notably, this difficulty goes also
in the other directiondnamely, we do not have effective ways for facilitating the machine learning
process by letting it access the vast amount of literature data and insights. One general idea called
surrogate modeling is to use a mechanistic model to simulate more data and use that as extra input for
the machine learning algorithm [67]. As new methods and machine learning approaches are developed
and adopted by biologists [68], they are likely to become an essential part of multiomics data analysis.
Hybrid techniques that take advantage of the vast computational capabilities while maintaining the
underlying mechanistic model are now beginning to emerge and will hopefully gain popularity. It
remains to be seen whether a generalized algorithm that can handle all the different types of omics
data and network-based information will one day become the default tool for biological data analysis.
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Abstract
A great challenge for cancer treatment is cellular heterogeneity. At the metabolic level, cellular
heterogeneity is reflected by a multitude of strategies used by cancer cells to proliferate rapidly. In
this chapter, we explored the use of high-throughput metabolomics to infer metabolic operation. To
identify groups of samples with similar metabolic functions, we used a pathway-centric clustering
approach, a method that was coined metabotyping. We applied this method on a new panel of 180
cancer cell lines cultured in vitro under identical conditions. Our results highlighted that the current
metabotyping method yielded a considerable number of metabolic types, clusters of cells with
conserved metabolome patterns. We have thus proposed a modified version of the method, which
improved the resulting metabolic types. However, metabotyping using clustering yields complex
results, especially when applied to larger datasets. Thereby its usage proves to be difficult to study
heterogeneity in this cell line panel.
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Introduction
A great challenge in cancer research is cellular heterogeneity, which we define as a phenotypic
difference in behavior between cells [1],[2]. Even within the same tumor, the cancer cells population
can be highly diverse, which constitutes a major challenge for tumor eradication [3]. Heterogeneity can
be caused by both intrinsic differences, for example, due to genetic mutations, or by extrinsic
differences, e.g. induced by diverse microenvironments [4]. This creates heterogeneity that affects the
growth and proliferation of cells, but more importantly, their response to treatments. Eventually,
heterogeneity can lead to cancer relapse.
At the metabolic level, demonstrated a century ago, cancer cells use specific metabolic pathways,
aerobic glycolysis, to proliferate rapidly. This phenomenon, called the Warburg effect, was the first
identified instance of metabolic reprogramming of cancer cells [5]. However, not all cancer cells adopt
this strategy to proliferate rapidly. For example, some cells depend on respiration rather than overflow
metabolism for treatment survival [6]. Other examples include glutaminolysis [7], lipid metabolism [8]
[9], serine synthesis [10], branched-chain amino [11] and more. The identification of specific metabolic
reliance by individual cancer may contribute to a better understanding of cancer heterogeneity and can
direct treatment towards selective and effective targets [12].
To characterize heterogeneity, classical approaches have relied on molecular profiling of genomic
variants, transcripts, or proteins levels and clustering into subtypes [13]. However, this clustering is not
trivial since samples coming from different sources lack agreement, hence the need for a large sample
number to achieve reproducibility [14]. Additionally, these molecular components (genes, transcripts,
and proteins) can hardly conclude on metabolic phenotypes. On the other hand, the measurements of
metabolism intermediates, metabolites, have been missing from these large-scale studies. The level of
metabolites results from the interplay of environment and genetic factors that convolute at the level
of fluxes. Albeit their interpretation remains challenging, metabolite levels are diagnostic of differences
in metabolic activity and, therefore, have been used in previous mid to large-scale characterization of
cancer cell line metabolism.
To date, only a few studies have investigated the metabolic diversity of cancer. In vivo, studies have
mainly demonstrated the heterogeneity of oxygenation imposed by the microenvironment in solid
tumors [15]. In vitro, a milestone study published by Jain et al in 2012 characterized the uptake and
secretion rates of the National Cancer Institute 60 cancer cell line panel (NCI60) [16]. This is a collection
of 59 human cancer cell lines established from common tumor types [17], which has served as a
reference panel for all kinds of molecular, cellular, genomics, proteomics, and drug sensitivity screens
[18][19][20]. The Jain study was an eye-opener. It revealed an extremely diverse landscape of nutrient
uptake and metabolite secretion across the NCI60 panel. In the original study, the heterogeneity was
only described but not investigated. In practice, the paper used growth data to investigate what
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nutrients were correlating with proliferation rates. This allowed the discovery of glycine uptake as a
central player in rapid proliferation, which could be used as a vulnerability for cancer treatment. This
was a unifying property generally common to all tested cell lines. In contrast, the striking metabolic
peculiarities that emerge in only few (or single) cell lines remained unexplored and unexplained.
More recently, our lab has attempted to understand intrinsic cancer heterogeneity by measuring the
intracellular metabolome of 18 breast cancer cell lines grown in normoxic and hypoxic conditions [21].
In this study, Dubuis et al. found that the metabolome of each cell line was metabolically
heterogeneous, robust to mild environmental perturbation including hypoxia or serum changes, and
not associated with classical breast cancer subtypes. In an attempt to understand how intracellular
metabolism could be so different between the tested cell lines, the authors proposed a novel approach
that slices the metabolomics data by metabolic pathway and adopts affinity clustering to identify
conserved metabolic patterns. For the >50 metabolic pathways with sufficient metabolome coverage,
the procedure revealed that within each pathway, the tested cell lines fall into a relatively small number
of groups: typically, 2 or 3. The clustering of cell lines varies across pathways and, therefore, the local
organization is lost when clustering the full metabolome without pathway knowledge. For
representative cases, they could demonstrate that within pathways, the 2-3 metabolic types
(metabotypes) were qualitatively associated with fluxes measured by 13C-experiments. Metabotypes
were also associated with drug sensitivity. In conclusion, their pathway-centric clustering of
metabolomics data successfully distinguished functional metabolite changes in 18 cell lines. This latter
study, however, was not sufficient to generate a hypothesis on the exact causes of diversity. One
limitation was the difficulty to infer the directionality, find which metabotype was associated with high
activity. This impacted metabotype comparison across pathways. Another limitation is statistical
power, in other words, many more cell lines are needed to potentially unravel the drivers of metabolic
heterogeneity (i.e. SNPs, CNVs, or gene expression).
Very recently, Li and colleagues [22] reported the largest intracellular metabolomics study, which
encompassed 929 cancer cell lines with 225 profiled metabolites, from the Cancer Cell Line
Encyclopedia panel (CCLE). In this study, they focused on identifying genetic alterations associated with
functional changes, in this case, a change in a metabolite level. Even though the study revealed some
metabolic vulnerabilities in some cancer cells link to genetics, they did not address the overall metabolic
operation of cancer cell lines.
While these studies have brought great insight, there are still important questions that need to be
addressed. For example, we do not know what is the metabolic activity of cell lines from different
lineages. Moreover, in terms of multi-omics integration, the focus so far has been on singular metabolic
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changes, thus, we have not yet identified molecular changes that could drive global metabolic
phenotypes.
To address these open questions, we built on the approach outlined by Dubuis et al, and performed a
similar analysis on a 10-fold larger panel of cancer cell lines. With the increase in size, our goal was to
obtain a more comprehensive overview of metabolic peculiarities and similarities of cell lines across
many more subtypes (comparable to [22]), and to increase the power of the analysis to investigate the
role of, for example, genetic mutations in driving the metabotypes.

Results
Large-scale metabolic profiling and analysis of cancer cell lines
To understand the metabolic diversity of cancer, we have selected a panel of 180 cancer cell lines. To
study if the diversity was associated with cancer origin, we chose cell lines from 11 different lineages,
with lung being the overrepresented tissue (Fig. 1B). Our panel overlapped substantially with other
major cell line panels, such as the CCLE [23], the Catalogue Of Somatic Mutations In Cancer panel
(COSMIC) [24], and the NCI60 [18] (Fig. 1C), from which we can use their omics data for integration. As
metabolome are greatly affected by environmental changes and as the objective was to only highlight
intrinsic cell variation, we have devised a workflow to ensure the comparison of cell line metabolism
and quality in the metabolomics measurements (Fig. 1A). First, we cultured the cell lines in the utmost
comparable condition. Compared to the other large-scale metabolomic study [22], we made sure that
the media used was the same, thus adapting the cells to grow in the same nutrient condition. The cell
line panel was grown in a batch format with two control cell lines present in all 7 batches. We extracted
the cells at similar confluency or at exponential growth phase for suspension cells. To ensure quality in
the measurements, three biological and two technical replicates were performed per cell line, resulting
in six extract measurements each. Untargeted metabolomics was performed by flow injection, highresolution mass spectrometry [25] (see details in methods). After standard metabolomics processing
(method), the total number of usable samples was 1195. Overall, we could profile a total of 530
metabolic ions in these samples, which covered most metabolic pathways (Fig. Sup. 1).
Because large-scale metabolomics experiments are subject to various factors of unwanted variation
due to experimental variation, batch effect, and change in instrument sensitivity, we evaluated, the
metabolic profile of the cell lines using dimension reduction, namely principal component analysis (Fig.
Sup. 2A). We observed some bias in the batches, namely for batch 5.
To further control the quality of the experimentation and measurements, we have evaluated if our
metabolome measurement could benefit from normalization. To do so, we used experimental
information, like knowing which cell lines are from which batch and which one are the two controls.
This experimental design enabled the evaluation of several state-of-the-art normalization methods by
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assessing their effect on these control cells and batches. We have devised quality metric scores that
can identify which normalization method reduced the variation in the control cells, batch, etc., thus
correcting for unwanted variation (see details of metric in methods).

Figure 1. Metabolic profiling of 180 cancer cell lines comprising of 530 metabolic ions. A. Schematic summarizing
the workflow developed for the comparison of cancer cell lines metabolite profiles. B. 180 cancer cell lines from
more than 11 tissues of origin were profiled. C. Overlap of this study cell line panel (METAB) with major cell lines
resources such as Cancer Cell Line Encyclopaedia (CCLE), National Cancer Institute 60 panel (NCI60) and the
Catalogue Of Somatic Mutations In Cancer panel (COSMIC). D. Normalization methods selection using quality
metrics based on control cell lines. See details in Method and Sup. Table 1.

In the process of selecting the best normalization, we tested 15 state-of-the-art methods (Fig. 1D).
These methods can be divided into 3 different classes. (i) Batch effect methods use the knowledge of
the batch composition to identify differences between them and correct them by different algorithms,
e.g. regression. We tested the Remove Unwanted Variation method [26] with its two implementations
and an empirical Bayes method named ComBat [27]. (ii) Signal drift methods aim at correcting
chronological drifts in the signal, which often happens in metabolomics measurements due to the mass
spectrometer. We used three methods that leverage the quality control samples to infer drifts and
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corrections. First, we implemented a method that applies moving median to all measured samples to
estimate a robust trend line (MovMed). Second, we used a locally weighted regression (LOESS)[28] and
its derivate for temporal trends (Robust LOESS)[29], and third, we used the QC-support vector
regression method (QC-SVR)[30]. (iii) Sample variance methods leverage solely information of the
sample; they are the most widely used as they compensate for example for deviations in sample
amounts. We tested normalization using quantile (Quantile), mean (MEAN), median (MEDIAN),
standard deviation (STD), median absolute deviation (MAD), the sum of all ions also named total ion
count (TIC), probabilistic quotient (PQN) [31], and the confluency of each cell line (Confluency). We
added an extra category, Combo, which combines some normalization methods just mentioned.
The performance of each method is displayed in Sup. Table 1, where most methods reduced the quality
metrics and thus, unwanted variation in our metabolomic dataset. To identify the performing method
overall, we computed an average of the five quality metrics. As illustrated in Fig. 1D, combining Combat
[27] and quantile normalization reduced considerably the quality metric and was hence selected.
Interestingly, this same combination of normalization was previously reported by Muller et al. [32] as
the top-performing for normalization.
Overall, with this robust workflow and the extensive normalization, we obtained the metabolomes of
180 cancer cell lines, which are of high quality. We then evaluated the final PCA, the metabolic profile
of the cell lines (Fig. Sup. 2B). The bias previously observed disappeared after normalization.
Metabotyping by affinity clustering fails to identify conserved types
After obtaining a consolidated metabolomics data set with no apparent extrinsic or unwanted biases
(batch, temporal, or sample), we went and applied the metabotyping procedure introduced in Dubuis
et al.[21]. The expectation was to apply the same method pathway-by-pathway for all 180 cell lines,
and obtain a robust clustering pointing to a limited number of clusters and, hence, metabotypes (Fig.
2A). The pathway-centric clustering workflow was applied to 82 metabolic pathways and the
normalized data set with 1153 samples. Exemplarily, we showed the case of glycolysis (Fig 2B). Initially,
30 groups (metabotypes) were identified by affinity clustering. This is considerably more than what was
observed by Dubuis et al [21]. The obtained 30 metabotypes displayed diverse metabolic signatures,
but some similarity was preserved. In the glycolysis example, types 22 and 23 (in the middle of the
heatmap on Fig. 2B) were objectively extremely similar. The differences captured by the clustering
algorithm seemed limited to slight changes which, in biochemical terms, are unlikely to express a
tangible difference in activity or flux. We also found no similarity to the signature of glycolysis
metabotypes found by Dubuis et al. While Dubuis et al. found that the 18 tested breast cancer cell lines
clustered in two groups with either generally low or high levels of glycolytic metabolites, applying the
same procedure to similar data for 180 cell lines identified much more granular patterns with
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apparently low physiological relevance. Similar fragmentation was observed for the majority of
pathways.

Figure 2. Metabotyping using Dubuis et al. A. Schematic representation of metabotyping workflow using affinity
propagation clustering. B. Metabolite signatures of glycolytic metabotypes computed using all 1153
measurements. Heatmap representing the median z-score value of the glycolytic metabolite levels which are part
of the same metabotype. Each metabotype is identified from 1 to 30 on the y axis. C. Metabolite signatures of
glycolytic metabotypes, computed using aggregate 180 cell lines measurements, where each cell line represent
the mean of its 6 replicates. Median z-score value of the glycolytic metabolite levels which are part of the same
metabotype. Each metabotype is identified from 1 to 6 on the y axis.

Due to this high number of metabotypes without a clear distinct metabolite signature, we assumed that
the clustering was biased by the large number of replicates. We tried a different approach where
instead of clustering with all six replicates, we aggregated them into a single average value for each cell
line. Affinity clustering of aggregated data resulted in 6 metabotypes for the example of glycolysis (Fig.
2C). The signatures appeared more uniform within clusters and quite diverse across clusters.
Nonetheless, residual similarity between metabotypes was observed, for example, between
metabotype 2 and 5 in Fig 2C. In spite of the reduced number of types per pathway upon replicate
aggregation and the fact that the identified differences are likely statistically significant, the differences
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remain marginal and often local. Most likely, they are not an expression of differences in fluxes. Instead,
they seem to reflect local differences, for example, single metabolite change can buffer change enzyme
capacity without affecting flux [33].
In summary, we applied the Dubuis et al. pathway-based metabotyping procedure [34] to our
metabolomics dataset of 180 cancer cell lines. Metabotyping uses the clustering method affinity
propagation by message passing because it did not require to define the number of clusters in advance
and proved to perform well in the original 18 breast cancer cell lines. Disappointingly, the results
revealed a very large number of metabotypes when supplied with a larger number of cell lines. The
condensed metabotypes had a metabolite signature which was remarkably similar to each other, thus,
not likely related to functional differences, i.e. pathway fluxes. To circumvent this problem of a
substantial number of types, we applied the same workflow to aggregate cell line values. A smaller
number of types were observed; however, their metabolite signatures were again much similar.
Additionally, by using this aggregate dataset, we lose valuable information about the variability of our
measurements. We concluded that clustering by affinity propagation as outlined by Dubuis et al. is not
suited for pathway-centric analysis of metabolic types in the case of large datasets.

50

Metabolome analysis of 180 cancer cell lines reveals metabotyping limitations
Modification of metabotyping using k-means

Figure 3. Metabotyping using k-means clustering. A. Schematic representation of metabotyping workflow using
k-means per pathways. B. The selection criteria of k clusters is based on the silhouette coefficient, computed using
cluster cohesion and separation.

To overcome the limitations of clustering by affinity propagation, we tried an alternative method. As
before, the objective was to evaluate whether the metabolite signatures capture global pathway
changes in a reasonable number of metabotypes. To evaluate a reduced number of types, we replaced
affinity propagation with k-means clustering (Fig. 3A) and considered k values ranging from 2 to 10 (Fig.
3A). To identify which k to select, we computed the silhouette coefficient, which evaluates the degree
of tightness of the clusters by comparing the cluster cohesion to the separation of other clusters (Fig.
3B). Importantly, the selection of k had to be determined for each pathway individually. In the case of
glycolysis, the silhouette coefficient was maximal for k = 2 (Fig. 4A). Two clusters were also optimum
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for the TCA cycle (Fig. 4B). In all pathways, the value k varied from mainly 2 and sometimes 3.

Figure 4. Application of metabotyping using k-means clustering. Selection of k clusters using silhouette
coefficient in A. Glycolysis and in B. TCA Cycle. C Heatmap displaying zscored glycolytic metabolites with
overlapping metabotyping results, where 2 clusters were identified.

Next, we evaluated the resulting metabotypes and associated metabolite signatures for the case of
glycolysis (Fig. 4C). As apparent from the heatmap with z-scored intensities, the data set appeared
dichotomic. Two similarly sized groups of cell lines emerge, with either generally high or generally low
metabolite loadings. Metabotype 1 is associated with overall higher metabolite levels (and putatively
higher pathway flux). Metabotype 2 is associated with lower levels (and putatively lower fluxes). Albeit
the separation seems clear, the silhouette coefficient decays monotonically with increasing k. Hence, it
could also point to the fact that the data cannot be properly clustered. To gain better confidence in the
results, we investigated the robustness of the clusters. If the sliced dataset with all glycolytic
metabolites and all cell lines is indeed dichotomic, we would expect that two strong clusters should
emerge upon dimension reduction, i.e. by principal component analysis (PCA) or t-distributed
stochastic neighbor embedding (tSNE). The projection of samples on the two main principal
components of TCA is shown in Fig. 5A and colored according to the type assigned by k-means
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clustering. Visually, it is not possible to identify clear groups. Rather, the individual samples are
organized in a continuum, seemingly from a unique distribution. This holds true for all initial
components. The types identified are separated by a boundary that cuts a region with very high point
density. Albeit the cell lines at the two extremes of the distribution are likely different, the separation
at the center is stochastic. The tSNE shows a similar outcome (Fig. 5B). There is a tight clustering of
technical and biological replicates, but no clear-cut separation of the cell lines that have been assigned
to different types. The clustering of biological replicates also allowed us to appreciate that in numerous
cases, replicates of the same cell lines were associated with different types. Equivalent observations
were made for other pathways upon PCA or tSNE.

Figure 5. Visual inspection of clustering using dimension reduction method. A. Display of metabotyping result of
TCA cycle using A. Principal Component Analysis (PCA) and B. t-distributed stochastic neighbor embedding (tSNE)

In summary, by forcing lower numbers of clusters using k-means, we obtained a more reasonable
number of metabotypes with a very distinct metabolite profile for most pathways. However, the cell
lines do not fall into clearly distinguishable groups. The majority of them were located between the
centroids, in a space whose metabolite patterns are intermediate and the type assignment aleatory. In
brief, these results challenge the view that metabolite levels in pathways are organized in discrete
states.
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Figure 6. Metabotyping with degree of association of cell lines. A. Legend displaying the degree of association of
an individual cell line to each metabotype. Cell line which replicates for which half the replicate are not associated
to one cluster are assigned to no cluster (white). The metabotype are ordered by their average metabolite level,
with metabotype 1 associated to low metabolite level and metabotype 2 to the highest level. In each row, cell
lines with same color were assigned to the same metabotype and by the number of replicates associated to the
cluster. The procedure is done independently for each pathway. B. Metabotyping for all KEGG pathways. C. Zoom
on some example of central metabolism pathways.

For the vast majority of pathways investigated, metabolite patterns did not cluster into robust groups.
Nonetheless, striking and coherent differences were observed between the cell lines located in the two
opposite tails of the distribution. Therefore, we thought of assigning types to cell lines that were
robustly associated with a single type. In contrast, we wanted to refrain from assigning a metabotype
to cell lines with uncertain membership, i.e. those localizing at the center of the distribution or between
centroids on k-means clustering. To evaluate the robustness of cell lines’ membership to a cluster, we
exploited the information provided by the six replicates. In practice, we first assigned types to all cell
lines using k-means clustering. Second, for each cell line, we verified individually if all replicates were
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assigned to the same type. If yes, that cell line was attributed to the corresponding type for that
pathway. In contrast, if the six replicates would have been clustered to more than one type, we verified
whether a majority could be found. This procedure resulted in missing values for combinations of cell
lines and pathways in which no type prevailed. The results are shown in Fig. 6A. In the heatmap, cell
lines are assigned different colors based on their strength of association with the metabotype. The
darkest tone stands for perfect association (6 out of 6). Brighter colors indicate partial associations. In
total, 100% (6/6) of the cell lines – pathway combinations had perfect association, 83% (5/6) partial
association, 55% (4/6) slight association, and for the remaining 50% (3/6) it was not possible to assign
a type. For each pathway, metabotypes numbers were assigned such that metabotype 2 had on average
higher metabolite levels than metabotype 1. In case k=3 was used according to the silhouette score,
metabotype 3 would be intermediate.
Given the residual uncertainty that this metabotyping approach bears, the results show a global
metabolic operation rather than in individual cell line operation (Fig. 6B). What is immediately apparent
is that cell lines clustered into mainly two, but sometimes three, metabotypes. No cell line was
associated with only high metabolite levels (metabotype 2) across all pathways, which was expected
and reasonable unless the data set would be biased by cell amounts. When comparing pathways, cell
lines often changed metabotypes but their pathway profile was consistent across large groups of cell
lines. For example, in the middle and lower part of the heatmap (Fig. 6A), two main groups of cell lines
arose. A group of cell lines was systematically associated with metabotype 1 in some pathways and
vice-versa with metabotype 2. In these pathways, relatively simple profiles emerge, associated with
high or low metabotypes. For the upper part of the heatmap, similar profiles were observed. Instead of
the two extreme metabotypes, some cell lines were associated with metabotype 3 which, by definition,
stands for intermediate metabolite levels. Interestingly, both metabotype 3 and metabotype 2 have
similar patterns that are distinct from metabotype 1. This dichotomy in around half the cell lines could
indicate clear differences in metabolic operation, where we hypothesize that cell lines are much more
metabolically active as they have higher metabolite levels in most pathways.
Intriguingly, some centrally positioned pathways, such as folate biosynthesis, exhibit a peculiar
metabotype profile, where only very few cell lines are associated with metabotype 2. This poses a
problem as the clustering only captures the metabolite signature of outlier samples. We do not think
that these metabotypes reflect differences in physiology as they more likely reflect a bias of the
clustering method.
From a global perspective, we moved on to focus our attention on the key pathways of central carbon
metabolism (Fig. 6C). Cell lines were associated with the same types among these pathways, except for
pyrimidine metabolism, which had three types. As mentioned earlier, metabotype 3 is associated with
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mid metabolite levels and the resulting profile bared similarity to the profiles of other pathways. Thus,
with these preliminary results, we can hypothesize on the coordinate activity of central carbon
metabolism, where half the cell lines are more active in these pathways than the other half.
Overall, we could compare between tested pathways with coordinated activities. Interestingly, we saw
a disproportionate number of pathways with high activity, metabotype 2, and 3 for half the cell lines.
This, we hypothesize, indicates a duality in the metabolic operation of cancer cells, where half of the
cell lines are highly active in central carbon metabolism and beyond, compared to the other half which
had few lipid metabolism pathways. We could also identify biologically irrelevant cell lines, with
measurements too variable to be used, and this consistently across all pathways (white band in Fig. 6B).
In summary, our revised metabotyping procedure revealed a coarse-grained landscape of cell line
metabolism, which was easily interpretable with few metabotypes.

Discussion
Does intracellular metabolism vary across cancer cells (lines)? Are there distinct metabolic operations
that might explain heterogeneity in metabolic requirements or drug response? To address this
question, we have analyzed the intracellular metabolome of a large, pan-cancer panel comprising 180
cell lines, including the complete NCI60 set. Cells were grown in controlled conditions, i.e. adapted to
growth on the same media [35] compared to the latest metabolomic study [22]. Using untargeted
metabolomics, we obtained relative quantification of 530 metabolic ions over all tested samples. This
was comparable to results obtained in previous studies [21] but doubled the size of the latest study
[22]. Given that the samples were generated over almost half a year and in distinct batches, we took
particular care to normalize the data before further analysis or interpretation. After careful testing of
15 normalization methods based on multiple quality benchmarks, a consolidated dataset with no
apparent residual batch or sample bias was assembled. Including control samples and six replicates for
each of the 180 cell lines, the dataset counted a total of 1153 individual samples.
With this new large-scale normalized dataset, our goal was to unravel metabolic operation. We applied
the metabotyping approach proposed by Dubuis et al.. Metabotyping is a method that aims at
identifying metabolite changes that reflect differences in activity, i.e. fluxes. Samples are assigned to
groups with peculiar changes and, thus, fluxes. To the best of our knowledge, this is the first
metabolomics analysis method that does not require meta-information (e.g. disease status) and works
completely unsupervised. Using existing biochemical knowledge about the organization of metabolites
in metabolic pathways, the method clustered samples into metabotypes with different metabolic
operations in pathways. With the original implementation of metabotyping employing clustering by
affinity propagation, the number of clusters obtained largely exceeded the number of metabolites in
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each pathway. We observed that the resulting metabotypes’ metabolite signatures were very similar,
therefore probably not reflecting differences in fluxes.
We, therefore, tested an alternative approach that yields less and more coherent types, with broad
differences in metabolite levels. The point of contention of the method lies in the clustering. First,
identifying valid clusters, even from a purely computational perspective, remains a challenge.
Identifying clusters of biological interest, that could reveal metabolic activity, is even more difficult.
Even though k-means clustering may have solved some of affinity propagation issues, there were still
some limitations due to the nature of clustering. K-means best performs on spherically shaped clusters.
Non-ball-shaped clusters are difficult to separate when close. In our example, we observed two extreme
phenotypes when projected onto PCA subspace. However, the clusters were intertwined in space and
did not separate well. K-means drew a boundary between the clusters, cutting them at the center of
mass separates. Cell lines in the center of the clusters were arbitrarily separated. Even when using
replicate information to infer cell line association to a metabotype, the results remained ambiguous.
First of all, some cell lines have not been assigned to any metabotype, therefore not characterized.
Second, for some pathways, these resulted in metabotypes with a drastically unbalanced group, where
the identified metabotype explains few extreme cells that could be considered as outliers. Finally, the
assignment of metabotype name (e.g. Metabotype 1, 2, etc.) remains a shortcoming, even after
curation (see method). Since clustering algorithms assign cluster names arbitrarily, we have renamed
each cluster according to their metabolite signatures to make them comparable across pathways. This
name assignment was challenging especially when metabotyping resulted in more than 2 clusters.
The current results revealed two main overarching groups of cell lines. Indeed, two groups of cancer
cells emerge from our analysis, where most of their pathways were working in sync. This uncovers
possible distinct metabolic operations, where parts of metabolism, i.e. central carbon metabolism, are
used differentially. Thus, we could hypothesize that these unbalanced metabotype 2 and 3 differences
reflect that one-half of the cell lines are more metabolically active than the other. However, the
metabotyping results so far only assign higher or lower global metabolite levels. We assume that high
metabolite levels can be putatively annotated as higher pathway flux. This might be true for pathways
like glycolysis [36], but could be a challenge for other pathways [37]. Thus, further analysis should
confirm the directionality in the activity. It is noteworthy to mention a similarity between these
metabotypes and the one observed by Dubuis et al.. Both studies found what could be two groups,
where one group had most of the pathways high activity and had few pathways, with some link to lipid
metabolism. However, only 3 cell lines were present in both studies, thus comparing in which group
they belong would only be anecdotal evidence.
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Overall, limitations arose due to the use of clustering. As the current map of cell line metabotypes
remains blurry using the updated metabotyping implementation, we wondered what could be done to
improve it. Our analysis revealed that the metabolite profiles are not discrete, but rather follow a
continuum. Thus, clustering creates an artificial separation that could be replaced by another approach.
Alternatively, one could use dimension reduction techniques, such as PCA, to infer metabotype values
which would be continuous. Thereby, we could reduce metabolite complexity into continuous value
reflecting the activity of pathways. Further work should assess if dimension reduction techniques can
help to predict pathway fluxes from metabolite levels. Datasets, where both metabolite and fluxes were
measured, could be used to infer whether the application of metabotyping using PCA predicts pathway
activity.

Materials and Methods
Cell Culture
Cell lines were obtained and grown at AstraZeneca (Cambridge, United Kingdom). To minimize the
effect of the environment, all cell lines were adapted to growth in the same media by maintaining them
in culture for at least 2 weeks. Cells were cultured in RPMI 1640 Phenol Red Free (Sigma #R7059) with
2 mM L-glutamine (Sigma #G7513, Lot #RNBD0904) freshly added. The medium was supplemented with
10% fetal calf serum (PAA Laboratories, Linz, Austria, #A15-701, Lot #A30111-3524) and is referred
hereafter as RPMI, 10% FCS, L-glutamine. Cell lines were grown at 37 °C with 5% CO2. Each cell line was
seeded into 3 wells of 6-well plates and grown for 48 hours. Cell lines were maintained according to
standard protocols, their identity verified via STR sequencing (Microsynth, Balgach, Switzerland) and
tested for mycoplasma infections. All adherent cells were grown to reach similar confluency. The cutoff values for adherent cell lines are a minimum of 50%, and a maximum of 80% confluency. For mixed
suspension/adherent lines, they were judged on a case-by-case basis, and the minimum confluency as
it does not reflect direct cell density set at 35%. For suspension cells, after 48h, cell culture counts were
accessed in the count plate on an automated cell counter (Cedex, by Roche, Basel, Switzerland). As
there is little or no growth lag after splitting the culture, we calculated growth rates from recent counts
and seeded accordingly. The final density was at the upper end of the exponential phase of growth.
Metabolite extraction
At 48h, the medium was removed via aspiration, and cells were washed twice with a wash solution (75
mM Ammonium Carbonate, adjusted to pH 7.4 with Acetic Acid). Metabolites were quenched by
dipping the bottom of the plate in liquid nitrogen for 1 min. Frozen plates were transferred to −80 °C
freezer until further usage. Each plate was generated by (1) removing the spent medium, (2) washing
once with 75 mM ammonium carbonate (pH 7.4, 37 °C), and (3) adding ice-cold extraction solvent (40%
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methanol, 40% acetonitrile, 20% water). Finally, the plate is sealed, incubated at −20 °C for one hour,
and subsequently stored at -80 °C until MS analysis.
Immediately before MS analysis, the plates were thawed on ice, and the extracted cells were scraped
off the bottom of each well using a pipet with wide-bore tips. Next, the cell extracts were transferred
to 96-well plates with conical bottom and centrifuged at 4 °C, 4000 rpm for 5 min to separate cell debris.
Metabolomics measurement
Untargeted metabolite profiling was performed using flow injection analysis on an FIA Agilent Q-TOF
6550 QTOF instrument (Agilent, Santa Clara, CA) in negative mode 4 GHz, high resolution in a m/z range
of 50-1000 (Fuhrer et al., 2011). A 60:40 mixture of isopropanol:water supplemented with NH4F at pH
9.0, as well as 10 nM hexakis(1H, 1H, 3H-tetrafluoropropoxy) phosphazine and 80 nM taurochloric acid
for online mass calibration. Ions were annotated to metabolites based on exact mass considering [MH+] and 0.001 Da mass accuracy using the HMDB v3.0 database [38].
Processing and normalization
All processing data analysis was performed using in-house software developed in Matlab (The
Mathworks, Natick). As a quality control, we computed the sum of all intensities (TIC) of each injection.
If extreme, low or high, TIC is a sign of problematic measurements, e.g. empty injection, we have
removed these injections at the two long tails of the TICs distribution. Out of the 1387 injections, this
step removed 68 injections that had abnormal TIC. These removed injections contained all six replicates
of PC14PE6 and NCIH446 and four replicates of SBC5, SKMES1, and SKOV3, thus reducing the number
of cell lines from 182 to 180.
Because such large-scale metabolomics experiment is subject to various factors of unwanted variation
due to experimental variation, batch effect, and change in instrument sensitivity, we tested a plethora
of normalization and evaluated their efficiency using two cell lines, MCF7 and MDAMB321, which were
grown in all seven batches. Capitalizing on this study design with multiple controls, we tested a variety
of normalization methods and benchmarked them using quality control metrics. These metrics
comprise fold change (FC) deviation, FC reproducibility, and interbatch distance.
FC deviation is the average variance in FC of all ions between the two controls from each batch, where
if there was no experimental effect, the variance should be zero. FC Reproducibility is the FC differences
between the same control sample. It is computed by sampling 1000 ions and calculating the FC of our
control, MCF7, from different batches. It evaluates the differences in the same controls across batches.
We then identify ions at a 5% false discovery rate. It evaluates the differences in the same controls
across batches. Interbatch distance is the distance between all batches. By projecting samples using
PCA, we compute the Bhattacharyya distance between each batch. Each batch should overlap if cell
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lines are randomly distributed across batches. Normalization methods that reduce the FC deviation, FC
reproducibility, and interbatch distance will thus reduce bias due to these unwanted variations. The
quality metric score is the average of the 3 metrics computed by scaling all scores to the non-normalized
value.
𝑄𝑢𝑎𝑙𝑖𝑡𝑦 𝑚𝑒𝑡𝑟𝑖𝑐 𝑠𝑐𝑜𝑟𝑒!
𝐹𝐶 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛!
𝐹𝐶 𝑅𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑖𝑏𝑖𝑙𝑖𝑡𝑦!
Interbatch Distance!
+
+
𝐹𝐶 𝐷𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛"#$ "#&' 𝐹𝐶 𝑅𝑒𝑝𝑟𝑜𝑑𝑢𝑐𝑖𝑏𝑖𝑙𝑖𝑡𝑦! 𝑛"#$ "#&' Interbatch Distance"#$ "#&'
=
𝑛

Where Quality metric scorei is the average score of the evaluated normalization i. FC Deviationi, FC
Reproducibilityi, and Interbatch Distancei are the metrics of the evaluated normalization i. FC
Deviationnot norm, FC Reproducibilitynot norm, and FC Deviationnot norm are the metrics of the non-normalized
samples. Where n is the number of metrics used, 3.
We have tested 17 different normalization methods, some developed in-house but most from diverse
R and Python packages: RUV[39], MetaNorm[40], and MetaX [41]. Rankings and calculations can be
found in Table Sup. 1.
Metabotyping by affinity propagation
We have selected pathways from Kyoto Encyclopedia of Gene and Genomes (KEGG)[42] which had at
least 4 metabolites measured. For each resulting pathway, cell lines were clustered using clustering by
affinity propagation [43]. To run clustering by affinity propagation requires two inputs, we provided a
similarity matrix and a preference value. For each pathway, the similarity matrix and preference value
were computed the same way as described by Dubuis et al.[21]. Metabotyping by affinity propagation
was performed on normalized, log2-transformed, and z-scored data. Metabotyping was implemented
in Matlab (The Mathworks, Natick).
Metabotyping by k-means
We have selected pathways from Kyoto Encyclopedia of Gene and Genomes (KEGG)[42] which had at
least 4 metabolites measured. Normalized data were log2-transformed and z-scored. For each reulting
pathway, cell lines were clustered using k-means with parameter k set between 2 and 10. We have then
computed the silhouette coefficient for all instances of k using the implementation described in
Rousseuw [44]. For each pathway, we have selected the k which maximizes the silhouette coefficient.
To make the clustering results comparable across pathways, we renamed each cluster according to
their metabolite signature. We assigned the cluster with the lowest average metabolite levels to
Metabotype 1. The cluster with the highest average metabolite levels was assigned to Metabotype 2.
If 3 clusters were observed, Metabotype 3 was assigned to the remaining cluster which represents mid
average metabolite levels. Metabotyping was implemented in Matlab (The Mathworks, Natick).
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Supplementary Materials
Supplementary Figures

Supplementary Figure 1. Metabolomic coverage. Overlay of metabolite measured on KEGG metabolic
pathways map. Size of metabolite reflect annotation accuracy.
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Supplementary Figure 2. Metabolomics data normalization. A. Principal component analysis of raw
metabolomics data, colored by batch. B. Principal component analysis of normalized metabolomics data using
Combat and Quantile, colored by batch.
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Supplementary Tables

Batch Effects

Signal Drift

Sample Variance

Combo

Batch Scoring
FC (MCF7)

FC
Reproducibility

Interbatch KolmogorovDistance
Smirnov

DIST

Average

Not Normalized

1

1

1

1

1

1

RUVs Batch (Batch & MDAMB231)

0.73

0.77

1.52

0.85

0.87

0.95

RUVsOne (MDAMB231)

0.64

0.76

1.35

0.74

0.67

0.83

Combat (Batch)

1.07

0.97

0.18

1.13

1.23

0.91

Moving Mean (Plate)

0.87

0.96

0.54

0.43

1.31

0.82

LOESS (Plate)

0.84

0.98

0.50

0.38

0.95

0.73

Robust LOESS (Plate)

0.84

0.96

0.54

0.41

1.40

0.83

QC-SVR (Plate)

0.96

1.03

0.58

0.54

1.25

0.87

Quantile

0.15

0.17

1.32

0.03

0.05

0.34

Mean

0.48

0.48

1.23

0.31

0.47

0.59

Median

0.48

0.51

1.24

0.32

0.48

0.60

Std

0.50

0.49

0.96

0.27

0.42

0.53

MAD

0.50

0.49

0.97

0.27

0.41

0.53

TIC

0.48

0.48

1.17

0.30

0.46

0.58

PQN

0.48

0.49

1.33

0.30

0.48

0.62

Confluency

1.13

1.00

0.68

0.94

2.63

1.28

MovMedian (Plate) Mean

0.45

0.50

0.78

0.15

0.62

0.50

MovMedian (Batch) Mean

0.45

0.49

0.72

0.16

0.54

0.47

MovMedian (Plate) Combat (Batch)

0.94

0.94

0.15

0.58

1.50

0.82

MovMedian (Plate) Combat (Plate)

0.94

0.91

0.24

0.54

1.31

0.79

Combat (Plate) Mean

0.46

0.46

0.32

0.19

0.79

0.45

Combat (Batch) Mean
MovMedian (Plate) Combat (Batch)
Mean

0.51

0.47

0.33

0.22

0.62

0.43

0.47

0.48

0.23

0.16

0.85

0.44

Mean MoMedian (Plate) Combat

0.48

0.47

0.22

0.19

0.76

0.42

Combat (Batch) Quantile

0.40

0.38

0.33

0.10

0.22

0.29

Combat (Plate) Quantile

0.35

0.36

0.36

0.09

0.22

0.28

SupplementaryTable 1. List of normalization methods and their computed quality metrics score. In parenthesis
are the parameter used in the normalization methods. See details in method.
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Abstract
Measuring fluxes across the metabolic network remains a challenge as these metabolic rates are not
physical entities. Conversely, the measurement of metabolism intermediates, metabolites, is direct
and straightforward. In this work, we investigated the relationship between metabolites and fluxes,
between concentrations and rates. More precisely, we developed a computational method to
translate metabolite levels into pathway activity, related to differences in flux. More precisely, the
method uses metabolic pathways and factorization to identify changes in metabolite which correlates
with flux. Using published data, we found that in a pathway, one of the main source of metabolites
variation is associated with changes in fluxes. We also unraveled that metabolite signatures associated
with high fluxes are alike across diverse datasets and species. Using multivariate regression, we
showed that absolute fluxes can be predicted using solely metabolite abundances. Overall, we
proposed a new computational method used to aid the analysis of metabolomics data in organism
where fluxes are hardly measurable.
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Introduction
The functional readout of the metabolism of a cell is the rate of its metabolic reactions, fluxes [1].
Knowledge of fluxes is essential to identify how cells regulate their metabolism and the mechanisms
involved. In diseased cells like cancer, knowing which reaction carry more fluxes can be used as a target
for selective therapeutic targets. By assessing fluxes across the whole network, one can gain a global
view of the metabolic operation of cells and thus can identify possible vulnerabilities to alter their
growth.
Measuring fluxes remains a challenge as these rates are not physical entities and need to be inferred
using indirect measurements [1]. To do so, one has to follow the fate of non-radioactive stable isotope
tracers by measuring diverse metabolite isotopes to identify the propagation of the tracers into the
metabolic network [2]. To obtain a quantitative assessment of multiple fluxes, measurements of
various tracers need to be integrated using computational models. The current approach, named 13C
metabolic flux analysis, has become essential for the quantification of fluxes in a system-wide manner
[1][3]. It has been pivotal for the understanding of metabolism and its regulation in microorganisms.
Even though metabolic flux analysis has been widely used in the past decade, its application remains
tedious, is limited by low throughput, and cannot be applied to all organisms. In mammalian cells like
cancer, quantifying fluxes is hindered by the cellular compartments, the complex media, the metabolic
networks, and the propagation time of labeling through the network [4][5]. Thus, the application of
13

C metabolic flux analysis to cancer cells is hardly feasible [6].

Fluxes are controlled by multiple layers of regulatory mechanisms, of which, enzyme capacity is
influenced by enzyme abundance, post-translational modification, and allosteric regulation through
effector metabolites [7]. In vivo fluxes also depend on reactant concentration which affects enzyme
kinetics and overarching regulatory mechanism [8][9]. Thus, there is a complex relation between fluxes
and the components of the metabolic network. Because of the limitations posed by measuring fluxes,
studies attempted to assess metabolic activity throught the measurements of component of the
network, known to partly regulate fluxes. For instance, enzymes levels measured using transcriptomics
and proteomics can be used to infer enzyme capacity [10]. Albeit greatly informative, these
measurements are only abundances, indicating the relative presence of a metabolic reactions and not
its actual usage [1]. Other component of the metabolic network link to fluxes are metabolism
intermediates, metabolites. Advantageously, recent innovation in metabolomics technologies has
made it easier and faster to probe a large number of metabolites simultaneously [14] [15]. As
mentioned, they can also control fluxes through regulatory mechanisms [11][12]. For instance, FBP
(see table 2 for all abbreviation) is considered a reporter metabolite as its levels scale linearly with
glycolytic flux. Due to the kinetic properties of the surrounding enzyme and FBP possible regulatory
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function over the transcription factor Cra, FBP has been proposed as a flux sensor of glycolysis, thus
revealing a direct relation between a metabolite level and fluxes [13].
Overall, measuring the component of the network, enzymes or metabolite, does not reveal functional
information by themselves [1]. However, computational approaches can help transform these static
measurements into qualitative metabolic activity. Computational approaches have been using
biochemical knowledge to help in the inference of metabolic activity. This includes metabolic pathways
definition, the metabolic network and its stoichiometry or even kinetic information. For example, using
information of the network stoichiometry, enzyme expression and enzyme levels, Shlomi et al. [16]
developed a constraint-based computational method to predict tissue-specific metabolic activity. Even
though informative, the method requires quite diverse label data to compare and the results remain
greatly descriptive; the inferred activities are assigned high, low or moderate. Using the metabolic
network and integrating gene expression with metabolite levels, Jha et al. [17] developed a
computational pipeline to identify functional modules across the network. The method allows for the
extraction of part of the network, subgraph, that is potentially activated between two conditions. To
date, only few methods do not require a priori label data, hence are unsupervised. Using metabolic
pathways and semi-quantitative metabolites levels, an unsupervised method developed by Dubuis et
al. and coined metabotyping infers the metabolic activity using unsupervised clustering. For each
metabolic pathway, the method identifies groups of cells with conserved metabolite patterns.
However, when applied to large data-set, metabotyping yielded less coherent activities as it artificially
infers discrete groups in continuous data. Overall, current methods for inferring metabolic activity are
mostly supervised, require multi-omics measurement and complex computational approaches.
Here, we set out to test approaches for rapidly guessing pathway fluxes on the basis of semiquantitative metabolite concentrations as obtained from untargeted metabolomics. To maximize
general applicability, we sought for methods that (i) don’t require knowledge of enzyme abundances
or kinetic properties; (ii) don’t require absolute metabolite concentrations, i.e. approaches that build
on calculating thermodynamic or reaction force; (iii) don’t require metabolite balancing or knowledge
of cellular uptake and production rates. Instead, we attempted to exploit the know topology of the
biochemical reaction network and pathways which is readily available for the entire intracellular
metabolism. After outlining the rational for the type of metabolite patterns that we believe to be
indicators of flux, identify using unsupervised factorization, we test the goodness of prediction with
representative datasets. Further, we explore whether flux-associated metabololite patterns are
conserved across organisms. Finally, we explored whether supervised methods trained on existing flux
data can deliver quantitative predictions.
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Results
Rationale of the computational method
As outlined, our goal is to identify the relationship between metabolites and fluxes. We hypothesize
that coordinate change of multiple metabolites within a pathway reflect differences in metabolic
activity. At the biochemical level, fluxes are determined by the enzyme capacity, i.e. the enzyme
abundance and kinetic properties. Variation in these parameters alters reactant abundances,
metabolites. Hence, based on kinetics, metabolites levels should be altered with changes in fluxes.
However, It has been shown that fluxes are jointly limited by enzyme capacity and metabolite
concentration and thus the alteration of enzyme capacity can be buffered by the change of a single
metabolite without affecting flux [18]. Hence, we sought to identify changes in not one but multiple
metabolites among a pathway to ensure indication of flux changes.
To capture global metabolite changes within a pathway, we tested two dimensional reduction
techniques which extract coordinate variation in multiple metabolite. The first, principal component
analysis (PCA) identifies components which explain the maximum variance in data. The second, nonnegative matrix factor (NMF) factorizes matrix with the condition into non-negative matrices. These
techniques capture variance of metabolite levels within each measurement and reduce it into single
values. As depicted in Supp Fig 1A, metabolite space is reduced into a lower space, where the original
metabolite matrix is decomposed into 2 matrices of lower dimension. One of which represent the
projected observations (also named scores, eigenvectors etc.) and the other are the corresponding
metabolites contribution (also named loadings), both sharing same number of reduced dimension, the
components or factors (Supp Fig 1A). The three fist components were evaluated as they represent the
main source of metabolite variation in datasets.
To test the validity of the proposed factorization methods, we sought for datasets that offered both
metabolomics and flux information for multiple conditions or sample with sufficiently diversed flux
distributions. In terms of pathways, we decided to focus on central carbon metabolism because of its
general relevance and representativeness of a complex pathway. Notably, it is characterized by an
intertwined network of multiple pathways whose flux can vary substantially and even reverse
direction. Hence, it represents a valuable test case. We selected two datasets that fulfilled these
criteria, both of which focused on Escherichia coli (E. coli). In the first study conducted by Gerosa et
al.[19], the same strain was grown on 8 different carbon sources. The second study by Kochanowski
set al [20] analyzed 16 strains with diverse glucose and glutamine uptake and, thus, intracellular flux
distributions.
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Pathway-scale principal components recapitulate pathway fluxes
We applied the two factorization techniques, PCA and NMF, to the two test datasets. In each case, we
analyzed independently the metabolome data of glycolysis, tricarboxylic acid (TCA) cycle, and pentose
phosphate pathway (PPP), for a total of 12 independent analysis. In each analysis, we extracted the 3
initial components/factors. These vectors included a score for each condition, i.e. a total of 8 and 16
values for the two datasets, respectively. The vectors were correlated with the measured fluxes for
each of the reactions included in the same pathway (Fig 1). In the Gerosa dataset, we found glycolysis
fluxes correlated well with principal component 3 (PC3) and NMF3, but seemingly only in the lower
part after FBP. Example of the goodness of fit between pyk (see table 1 for all abbreviation) flux and
PC3 is displayed Sup Fig. 2A. TCA cycle fluxes had generally correlated with PC2 and NMF2, but the flux
between succinyl-CoA and fumarate was captured better by PC1 and NMF1. For the PPP, we observed
a similar split: the reactions that are specific for the PPP (e.g. zwf, gnd, tal, tkt1 and tkt2) correlated
favorably with PC3 and NMF3. Strong correlations were also found for PC1 and NMF1. This result can
by explained by a closer analysis of the involved reactions. They actually belong to reactions that are
connected to the PPP, such as glycolysis (pgi, pfk, fba) and the Entner-Doudoroff pathway (edd). This
is a consequence of the pathway definition provided by KEGG, which tends to include neighboring
reactions even though they are actually part of other functional modules. In this light, it is not
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surprising that different PCs (or NMFs) show positive correlations with fluxes of functionally
independent pathways.

Figure 1. Relation between metabolites and fluxes in E. coli. Correlation between reduced metabolites and
fluxes of mentioned pathways with data from A. Gerosa et al. or B. Kochanowski et al.. Pearson correlations
between growth rate with metabolites of glycolysis, TCA and PPP reduced using principal component analysis or
non-negative factors, with data taken from C. Gerosa et al. or D. Kochanowski et al..
Abbreviation: TCA Tricarboxylic acid cycle, PPP Pentose phosphate pathway, PC – Principal Component, NMF –
Non-Negative factors.

In the Kochanowski dataset, for the PPP, we found an identical split between true PPP and neighboring
reactions. Each group was associated to a different component. Example of the goodness of fit
between tkt2 flux and PC1 is displayed in Sup Fig. 2B. Of note, the correlation exhibited by NMF and
the true PPP fluxes for both studies was throughout lower than using PCA. In contrast to the Gerosa
dataset, in the Kochanowski study the entire set of glycolysis was found to correlate with PC2 and
NMF2. In the TCA cycle, no notable associations between fluxes and scores were found. These
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contrasting results are a consequence of the experimental design. While the first study employed
different carbon sources that decouple fluxes in TCA and glycolysis (e.g. fructose, succinate, etc.), the
second study only titrated the uptake of glucose and glutamate. This seemingly resulted in minor
variation of fluxes that is captured by a single component (glycolysis) or result in a more erratic
distribution of metabolome changes (TCA cycle).
If not fluxes, we wondered what could be the origin of the metabolite changes that were captured by
PCA and NMF in the component/factors exhibiting low correlations. An obvious candidate is growth
rate, as it is known to control many cellular properties. We indeed found that some of the components
or factors had very high correlations with growth rate. However, they were not correlated with initial,
non-flux associated components as PC1/NMF1 in the case of glycolysis. In contrast, growth-correlated
components/factors were often overlapping with flux associated components/factors. For example,
PC2 and NMF2 for glycolysis, PC3 and NMF3 for the PPP in the Kochanowski data, or PC2 and NMF2
for the PPP in the Gerosa study. This indicates that fluxes are indeed associated to growth rate, and
additional factors contribute to variance as captured by the initial components.
Overall, both PCA and NMF manage to isolate a pattern that is strongly correlated with pathway flux.
Both approaches correctly divide branches of predefined pathways that act as independent modules.
Growth has a marginal effect and, therefore, both approaches seem to fulfill the purpose of estimating
pathway flux solely from metabolomics data. For simplicity reason, we further continued our analysis
using only PCA as they rendered similar results. It is important to note that the flux-correlating
component/factor was always among the initial ones, but not necessarily the top one. In the following
section, we examined which metabolites were associated with pathway fluxes.
Metabolite signatures associated with high fluxes
To investigate the metabolite loadings that were associated with the top components, we inspected
the loadings provided by the matrix decomposition. For simplicity, we focused on PCA only as the two
approaches delivered redundant results. In the case of glycolysis, the component that best correlated
with the experimentally determined fluxes was PC3 and PC2 for the Gerosa and Kochanowski study,
respectively. The sets of measured metabolite varied between the two studies, but the loadings
obtained independently for the two data sets were strikingly similar (Fig. 2A & B). In both cases, FBP
was found to be the major positive contributor associated with glycolytic flux in both studies.
Conversely, F6P was the main negative contributor to glycolytic flux. In other words, high levels of FBP
and low levels of F6P were associated with high glycolytic flux. This finding is consistent with previous
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studies that purported FBP as a flux sensor of glycolysis [13]. Thus, our results are consistent with
previous studies which identified metabolites as a regulator of fluxes.

Figure 2. Examples of relation between metabolites and fluxes. Metabolite loadings in glycolysis for Gerosa et
al. A. PC3 and C. PC1 or for Kochanowski et al. B. PC2 and D. PC1. All other metabolite loadings highly correlating
with fluxes are displayed in Sup. Fig. 2.

We found remarkable that the loadings of other glycolytic intermediates (PEP, DHAP, BPG, G6P) were
highly similar in the two studies. A simple explanation could be that some parts of the pathway operate
near chemical equilibrium, and therefore correlate with e.g. FBP and would be automatically be picked
up in the same component. However, this argument fails to explain why G6P emerges as the second
major feature in both studies. G6P precedes F6P in glycolysis, and the two can be interconverted by
the reversible phosphoglucoisomerase. Following the thermodynamic argument, G6P is expected to
behave like F6P. However, its trend is opposite and similar to that of FBP. This indicates that the G6P
levels are governed by other factors, likely enzyme kinetics. Overall, the flux-correlated principal
component of glycolysis is preserved across different studies (and conditions). The conservation is
likely a consequence of conserved pathway kinetics, which govern metabolite levels and, thus,
loadings. We refer to the characteristic pattern of flux-associated metabolites as the metabolite
signature of pathway activity. We then extended our observation to the first principal components
that correlated more moderately and negatively with pathway flux. Interestingly, we observed a
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somewhat reserve loadings metabolites as for the most correlating PC (Fig. 2 C & D). Interestingly, FBP
was not the top negative contributor but instead DHAP, reactant in the vicinity of FBP.
We extended the observation to the other pathways (Sup. Fig. 3) and showed similar trend as for
glycolysis for the TCA cycle. PC2 was highly correlating in Gerosa et al. and PC3 was only moderately
anticorrelating in Kochanowski et al., thus the loadings need to be interpreted reversed. Some
metabolites, such as citrate, were top contributors for both studies, whereas others, such as
phosphoenolpyruvate (PEP), contributed more in one than the other. However, for PPP the results
were not as clear as the loadings from each correlating part of the pathway: comparing Sup. Fig. 3B
with E and Sup. Fig 3C with F, did not highlight the same metabolite.
Overall, these results suggest that similar metabolites signature contribute to changes in flux across
studies and thus can confirm that PCA successfully identifies metabolic changes of functional interest.
Moreover, these results were confirmed by the re-discovery of the central role of FBP in regulating
glycolytic fluxes. In the next section, we further examine the relation which associates fluxes with
metabolites.
The metabolite-flux relation is best described by reducing fluxes using pathway topology
Correlating the PCs with individual fluxes of a pathway revealed redundancy, where most reactions
function in sync thus carry similar flux. For example, in Fig. 1C, we observed that strongly correlated
reactions were part of the same branch of the pathway. We investigated if these reactions were part
of the same metabolic flux modes and if the relation of different levels of metabolite variation were
linked to these difference flux modes. To do so, we have reduced flux space into the main flux modes
of the pathway and compared it to the metabolites
To do so, we have used a method that takes into consideration the structure of the metabolic
pathways. This method, named Principal Flux Mode Analysis (PMFA) [21], identifies principal flux
modes by incorporating variance maximization, like in PCA, with stochiometric regularization, which
penalizes for projections that are far from metabolic flux modes.
When analyzing the PMFA flux loadings of glycolysis, the principal component, PMFA1, represented
lower glycolysis flux (Fig 3A). PMFA2 loadings scores were negative, which indicates that these
reactions are running reserve in some conditions (Fig. 3B). As an example, pgi carries negative fluxes
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when cells are grown on fructose, which is here captured in PMFA2. In Fig 3C, an even better
relationship between the reduced flux space and the metabolite space was observed (Fig. 1C).

Figure 3. Reducing flux space using principal metabolic flux mode analysis. Glycolysis flux signature (loading) of
A. PMAF1 and B. PMAF2. C. Correlation between reduced metabolites and reduced fluxes of glycolysis. Flux
signature (loadings) of pentose phosphate pathway of D. PMAF1 and E. PMAF2. C. Correlation between reduced
metabolites and reduced fluxes of pentose phosphate pathway.
Abbreviation: PPP Pentose Phosphate Pathway. PMFA Principal Metabolic Flux mode Analysis

For the PPP, the principal PMFA1 signature was associated with reactions shared with glycolysis
reactions (pgi, pfkA, and pfkB) where the signature is negative due to reverse fluxes (Fig. 3D). For
PMFA2, the signature represented both the oxidative and non-oxidative branch of PPP (Fig. 3E).
PMFA3 signature (data not shown) was associated with the edd reaction. When comparing the PMFA1
to PC1 in Fig 3F, we observed an even stronger relation compared to individual reactions.
These results illustrate that different levels of metabolite variation (PCs) are associated to different
flux modes. Using information of the topology of the network, we were able to identify the main flux

76

Computational method for metabolic pathway activity
modes and capture the metabolite variation. In the next section, we examined the applicability of the
computational method to another organism.
The metabolite-flux relation is conserved across organisms
The comparison of the two E. coli studies suggested that flux-associated metabolic signatures are
conserved. We wondered whether the same holds true for a different organism. For this purpose, we
analyzed a suitable study of Saccharomyces cerevisiae (S. cerevisiae). The dataset compiled by Hackett
et al.[22] consists of 25 different nutrient limitations. Different from the aforementioned E. coli
studies, fluxes in yeast were not measured by aid of 13C-tracers but predicted using the conceptually
simpler flux balance analysis [23]. We repeated the matrix factorisation by PCA and found strong
correlations between glycolysis, PPP, purine metabolism and PC1 (Fig 4A). In the later case, the
correlation was simply inverted as described above for glycolysis in the Kochanowski data. For the TCA
cycle, results were more unclear. PC1 correlated solely with pyruvate dehydrogenase flux. The other
reactions featured only weak correlations with the subsequent PCs. This could be a lack of strong
metabolite changes as observed in the Kochanowski study, or a problem caused by using flux balance
analysis to estimate fluxes. All other pathways correlated highly with PC1.
To assess whether the metabolite signatures associated with fluxes were similar between species, we
compared the loadings from E. coli and S. cerevisiae (Fig. 4B). Indeed, the signatures were highly
consistent across all tested pathways. Almost perfect correlation was found for glycolysis. FBP was
again the most contributing metabolite for glycolysis, Cit and iCit the top contributing compounds for
TCA, and 6PG for PPP. In summary, we found that the relation between metabolite levels and fluxes is
conserved in S. cerevisiae. The same metabolite signatures were associated with higher fluxes than in
E. coli. In practice, this implies that signatures identified in an organisms for which metabolome and
fluxes are available could be used to guess fluxes for different organisms on the sole basis of
metabolomics.

77

Chapter 4

Figure 4. Relation between metabolites and fluxes in yeast. Correlation between reduced metabolites and
fluxes in glycolysis, TCA cycle, pentose phosphate pathway, and purine metabolism with data taken from Hackett
et al.. B. Comparison of metabolite signatures (loading) between Gerosa et al. and Hackett et al..
Abbreviation: TCA Tricarboxylic acid cycle, PPP Pentose Phosphate Pathway.

With the analysis of these new results, one question remains, how to identify which principal
component to use in a new dataset where we do not have flux measurements? Because of the high
correlation with PC1, the main source of variation observed in more pathways within the S. cerevisiae
dataset and the fact that PC1 did correlate with part of the fluxes in both E. coli dataset, we thus
proposed PC1 as the most likely to inform pathway activity. When applying this PCA method to novel
metabolomics datasets, orthogonal data can help substantiate the inference of activity using PC1
compared to other components. In the next section, we further examine the relation which associates
fluxes with metabolites.
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Supervised prediction of metabolic fluxes using semi-quantitative metabolomics data
The unsupervised analysis by PCA demonstrated that metabolite signatures associated to flux exist for
the pathways tested. Importantly, they are seemingly conserved across studies and organisms. We
wondered whether supervised learning could confirm that indeed metabolite levels carry information
of fluxes, provide more robust estimates and highlight which metabolites weight more in the
predictions. For this purpose, we developed three prediction models one for each studied pathway
using the E. coli datasets. Since there was strong similarity in the metabolic signatures across the
Gerosa and Kochanowski studies, both datasets were merged. Prediction models were build using a
partial least square regression, a latent variable approach that is linear and similar to PCA. This
regression model was selected because of its ability to predict multiple targets, here multiple fluxes.
Using leave-one-out cross-validation, we could estimate the parameter to fit, the number of
components, for each model (Fig. 5A).

Figure 5. Partial least square predicts absolute fluxes from metabolite levels. A. Schematic representation of
machine learning workflow to predict fluxes from metabolites using E. coli datasets from Gerosa et al. and
Kochanowski et al. B. Prediction accuracy of glycolysis fluxes using test data. Right panel depicts the regression
coefficient of the metabolites which helped predict the phosphofructokinase (pfkA) flux and pyruvate
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dehydrogenase (pdH) flux. All fluxes regression coefficients are displayed in Sup. Fig. 5B. C. Prediction accuracy of
TCA fluxes using test data. D. Prediction accuracy of pentose phosphate pathway fluxes using test data. Right
panel depicts the regression coefficient of the metabolites which helped predict the phosphofructokinase (pfkA)
flux and pyruvate dehydrogenase (pdH) flux. All fluxes coefficients are displayed in Sup. Fig. 7B.
Abbreviation: TCA Tricarboxylic Acid Cycle, PPP Pentose Phosphate Pathway.

For the prediction model of glycolytic fluxes, during the training, two components were selected for
the model as it minimized the error in flux predictions (Root Mean Square Error of Prediction or RMSEP
displayed in Sup Fig. 5A). When evaluating the model on new data, we observed that the prediction of
glycolytic fluxes was exceptionally accurately (Fig. 5B). Indeed, only slight inaccuracies were found in
one instance of gapA, pgi, and pfkB, hence from different reactions. Because of these precise
predictions, with high R2, we investigated which metabolites were contributing to the prediction by
looking at their regression coefficients of each flux. For the flux in fba, FBP was the (expected) main
contributor. DHAP and PEP also contributed but negatively. For the flux in pdh, similar results were
observed with the addition of G6P. All other fluxes are displayed in Sup. Fig 5B.
For the TCA cycle, the results were not as conclusive. For the training, two components were selected
(Sup. Fig. 6A). When applied to new data, the prediction were notably inaccurate, notably for pdh (Fig.
5C). It should be noted that the fluxes in pdh, shared with glycolysis, have been accurately predicted
using glycolytic metabolites, namely FBP.
Lastly, in contrast, the model of PPP predicted accurate fluxes. Using two components as parameter
for prediction (Sup. Fig. 7A), the predicted fluxes had an R2 equal to 0.83 (Fig. 5D). Interestingly,
regression coefficient showed again an important role of FBP in predicting some fluxes, i.e. tkt2 of the
non-oxidative branch (in Fig 5D and Sup. Fig. 7B). However, for edd, S7P contributed to the prediction,
similar to the previous results of PPP metabolite signature in Fig. 4B.
In conclusion, these supervised training demonstrated that better predictors can be identified
compared to mere matrix factorisation. Obviously, this requires the availability of training data for at
least a subset of conditions. The adopted partial least square regression is linear and, therefore, less
demanding than more complex machine learning framework. To our surprise, the levels of few
metabolites, mainly FBP but also PEP, DHAP, and S7P were sufficient to predict most glycolytic and
PPP fluxes. In contrast, TCA cycle predictions were insufficient to identify clear metabolic predictors.
These results generally strengthen our understanding of the relationship between metabolites and
fluxes, which can be explained by a simple linear fit.

Discussion
In this study, we explored the relationship between metabolites and fluxes using the functional units
of metabolism, metabolic pathways. Using unsupervised dimensional reduction methods, namely PCA,
we deciphered a linear relation between reduced metabolite space and most of the fluxes of a
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pathway. Indeed, as both entities are connected on the metabolic network and regulated by each
other, we showed that metabolite variation is partly associated with changes in fluxes. This
computational method can be applied to new metabolomics dataset to infer possible metabolic
activity. More precisely, for organisms where fluxes are complicated to measure, this quick estimation
of pathway activity renders a global view of possible metabolic operation. Interestingly, the same
approach has been recently proposed for the analysis of transcriptomics, where PC1 enables to
identify useful pathway score based on gene expression [24].
In addition, the metabolite signatures associated with pathway activity were consistent across
different datasets from the same species, E.coli, and between species, S. cerevisiae and E. coli. Because
of this cross-species observation, we believe that metabolite levels integrate kinetic information as they
reflect what is shared between species.
Compared to previous studies, we have investigated fluxes in their context, metabolic pathways,
instead of one by one [19],[25]. As metabolic pathways are defined by the function they serve, levels
of its components, namely metabolites, are intrinsically linked. We found that indeed metabolites
within these functional units operate in sync likely due to conserved pathway kinetics. However, for
TCA cycle, metabolite levels had lesser relation with fluxes. Interestingly, transcriptional regulation has
been proposed as the main regulator of this pathway [19],[25]. Thus, we conjecture that when enzyme
concentrations are the main regulator, metabolites play a smaller role in controlling the flux and thus
their levels are bad predictors.
In addition, we showed that metabolites can predict fluxes. Using a supervised approach, namely
multivariate linear regression, we demonstrated that fluxes in glycolysis and PPP can be accurately
predicted using solely metabolite levels. FBP, which was proposed as a flux sensor of glycolysis [13],
was one of the main predictors of both glycolytic and PPP fluxes. Thus, regulation through flux sensing
could also explain partly this predictor [9]. Because measuring both metabolites and fluxes is rare due
to its complexity, we did not find many datasets that could be used. However, since metabolite
signatures were consistent across species, future work should assess the effect of merging datasets
from other species. For example, the prediction models could be complemented by the study from
Chubukov et al. [25] of Bacillus subtilis, a different bacterium. Overall, refining these models has the
potential to alleviate future research as metabolites levels are much easier to access than fluxes.
Generating additional datasets that would cover wide ranges of flux distribution, although laborintensive, would support the prediction models and could facilitate further research of metabolic flux
on these model organisms.
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These results have also unraveled a problem with the current pathway definition. For KEGG, which is
vastly used, we identified a great overlap in reactions between pathways, for example, pdh is in both
glycolysis and TCA. This loose pathway definition affects prediction and future work should assess if
using different pathway databases, such as biocyc [26], or refining KEGG pathways would improve the
accuracy in predictions.

Materials and Methods
Data Curation
Data from Gerosa et al. [19], Kochanoswki et al., and Hackett et al. [22]. have been manually mapped
to the KEGG identifier. Fluxes were converted to a common metric (mmol g-1 h-1). Lump reactions have
been separated to facilitate comparison across studies.
Comparison reduce metabolites to fluxes
To compare reduced metabolites to fluxes (Fig. Sup. 1B), we zscored each dataset individually. First, we
mapped our data (reactions and metabolites) to the pathways with sufficient coverage; Glycolysis, TCA,
and PPP using the pathway definition from KEGG [27]. For all metabolites in each pathway, we applied
two dimensions reduction methods, Principal Component Analysis and Non-Negative factor analysis, to
reduce the metabolite space. We compared these reduced value, called components or factors, to the
growth rate and the fluxes of this pathway using Pearson’s correlation.
Comparison of reduce metabolites to reduce fluxes
We have used the implementation of the Principal Metabolic Flux mode analysis (PMFA) by Bhadra et
al [21] in Matlab (The Mathworks, Natick) to reduce fluxes. We used PMFA with l2 regularization on the
stoichiometric constraint. When running the algorithm, the adjustment of the Lambda regularization
parameter was required. For varying lambda values, we compared the explained variance to residuals
in all three central carbon metabolism pathways (see Fig. Sup. 4). We selected the lambda value to
maximize variance explained and minimize residuals. For glycolysis, we selected a lambda of 0.090 (Fig
Sup. 4A). For TCA, we selected a lambda of 0.01 (Fig Sup. 4B). For PPP, we selected a lambda of 0.001
(Fig Sup. 4C). The final reduced fluxes were compared to the reduced metabolite using Pearson
correlation.
Prediction of fluxes using Partial Least Square (PLS)
To predict fluxes form metabolites, we merged both Gerosa et al and Kochanowski into a single dataset.
We removed metabolites which were not measured in one of the two datasets and have imputed
missing metabolite measurement by the minimum measured value of that metabolite. We have used
the PLS implementation in R (R Foundation for Statistical Computing, Vienna, Austria) the package
named ‘pls’. We trained the PLS model using 75% of the data and performed cross-validation using
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leave-one-out. Using the re-fitted parameter, the number of components, we calculated the Root Mean
Square Error of Prediction (RMSEP), calculated by summing all squared prediction errors during crossvalidation. We have selected the number of components to use in each model in order to minimize the
RMSEP. The number of selected components is mentioned in the result section. We have then applied
the models to the remaining 25% of the data to test the accuracy of the models. We evaluated the
predicted flux vs. measured flux using R2.
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Supplementary material
Supplementary Tables
Flux Label

Reaction(s)

zwf
g6p dehydrogenase
gnd
gluconolactone dehydrogenase
rpi
ribosephosphate isomerase
rpe
ribosephosphate epimerase
pgi
phosphoglucose isomerase
edd
phosphogluconate dehydratase (Entner-Doudoroff)
pfk
phosphofructokinase
fba
fructose-bisphosphate aldolase
tpi
trioseisomerase
tkt1
transketolase 1
tkt2
transketolase 2
tal
transaldolase
gap
g3p dehydrogenase
eno
enolase
pyk
pyruvate kinase
pdh
pyruvate dehydrogenase
gltA
citrate synthase
icd
isocitrate dehydrogenase
akgdh
oxoglutarate dehydrogenase
sdh
succinate dehydrogenase
fum
fumarase
mdh
malate dehydrogenase
pc
pyruvate carboxylase
redox
transhydrogenase
adh
ethanol secretion
Table 1. Reactions abbreviations for E. coli.
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Metabolite Label
BPG
2ddg6p
6PG

Name(s)
3-Phospho-D-glyceroyl-phosphate
2-dehydro-3-deoxy-D-gluconate 6-phosphate
6-Phospho-D-gluconate

AKG
BPG
iCit
Cit
DHAP
E4P
F6P
FBP

2-Oxoglutarate
1,3-Bisphospho-D-glycerate
Isocitrate
Citrate
Dihydroxyacetone-phosphate
D-Erythrose-4-phosphate
D-Fructose-6-phosphate
D-Fructose-1-6-bisphosphate

Fum
G3P
G6P
Mal
PEP
Pyr
R1P
Ru5P

Fumarate
D-Glycerate-3-phosphate
D-Glucose-6-phosphate
L-Malate
Phosphoenolpyruvate
Pyruvate
Ribose 1-phosphate
D-Ribulose-5-phosphate

S7P
Succ
Xu5P
Table 2. Metabolites abbreviations.

Sedoheptulose-7-phosphate
Succinate
D-Xylulose-5-phosphate
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Supplementary Figures

Supplementary Figure 1. Schematic representation of analysis approach using dimension reduction. A.
Description of dimensional reduction methods used, PCA and NMF, which transform metabolomics matrix
(Metab) of size N*P into a matrix (Scores) of size N*K where K is the number of component or factors. B.
Schematic representation of analysis applied for each figure.
Abbreviation: PCA Principal Component Analysis, NMF Non-Negative Matrix Factorization, PMFA Principal
Metabolic Flux mode Analysis, PLS – Partial Least Square
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Supplementary Figure 2. Examples of relation between metabolites and fluxes. A. Correlation between glycolytic
metabolite reduced in PC3 and pyk flux with data from Gerosa et al.. B. Correlation between metabolites from
the pentose phosphate reduced into PC1 and tkt2 flux, with data from Kochanowski et al..
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Supplementary Figure 3. Metabolite signature (loading) of the best correlating components. For the Gerosa et
al. dataset, A. PC2 loading of the TCA cycle, B. PC1 loading of the pentose phosphate pathway and C. PC3 loading
of the pentose phosphate pathway. For the Kochanowski et al. dataset, D. PC3 loading of the TCA cycle, B. PC2
loading of the pentose phosphate pathway and C. PC1 loading of the pentose phosphate pathway.
Abbreviation: TCA Tricarboxylic Acid Cycle, PPP Pentose Phosphate Pathway.
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Supplementary Figure 4. Fitting of PMFA parameter. Fitting lambda parameter by comparing explained variance
to residuals applied to A. Glycolysis fluxes, B. TCA fluxes and C. Pentose phosphate pathway.
Abbreviation: TCA Tricarboxylic Acid Cycle, PPP Pentose Phosphate Pathway.
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Supplementary Figure 5. Model prediction of glycolytic fluxes. A. Parameter fitting, number of components, by
minimization of RMSEP, calculated by summing all squared prediction errors during cross validation. B.
Regression coefficient prediction of the model for all fluxes.
Abbreviation: RMSEP – Root Mean Square Error of Prediction
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Supplementary Figure 6. Model prediction of TCA fluxes. A. Parameter fitting, number of components, by
minimization of RMSEP, calculated by summing all squared prediction errors during cross validation. B.
Regression coefficient prediction of the model for all fluxes.
Abbreviation: TCA Tricarboxylic Acid Cycle, RMSEP – Root Mean Square Error of Prediction
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Supplementary Figure 7. Model prediction of PPP fluxes. A. Parameter fitting, number of components, by
minimization of RMSEP, calculated by summing all squared prediction errors during cross validation. B.
Regression coefficient prediction of the model for all fluxes.
Abbreviation: PPP Pentose phosphate pathway, RMSEP – Root Mean Square Error of Prediction
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Abstract
To understand the metabolic diversity of cancer, we have analyzed the 180 pan-cancer cell lines
metabolome using the proposed computational method that infers pathway activity. Using this
method, we were able to get a network-wide view of the metabolic operation, describing the activity
of 49 metabolic pathways. To identify potential drivers of these metabolic phenotypes, we have
integrated our pathway activity to all available omics. The integration of the metabolic types has
revealed the relation between metabolic reprogramming and EMT, thus demonstrating the potential
role of metabolism in cancer progression. We showed that cancer cell lines are mainly rewired into 2-3
metabolic types, for which we validated, in follow-up experiments, their differences in pathway activity
using stable isotope labeling and gene dependencies. In summary, the analysis suggested that there is
a convergence into few metabolic phenotypes in vitro which have direct implications for therapeutics
targeting metabolism.
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Introduction
Over the past two decades, altered metabolism has re-emerged as a prominent hallmark of
cancer[1],[2]. Even though the first observations of dysregulated metabolism in cancer reported
happened a century ago [3], increasing evidence has shown that aerobic glycolysis is merely one
strategy employed by cancer cells to invade and proliferate rapidly [4]. Our understanding of the
metabolic pathways exploited in cancer is further obscured by the divergent strategies employed by
cancer cells to reprogram their metabolism, or ‘metabolic heterogeneity’.
Several initiatives have investigated the molecular underpinning of cancer by analyzing large cell line
panels using omics technologies (reviewed in [5]). Resulting genomic profiles from such studies have
been available since the mid-2000s [6], however, studies on the metabolic operation of these cell lines
have been largely unexplored. To explore cellular metabolism, one can assess metabolism
intermediates, metabolites. However, changes in metabolite levels are complex as they are not a direct
readout of metabolic activity. To identify which pathways are being used, one has to quantify the
metabolite flow per unit of time, i.e. metabolic flux [7]. Unlike metabolites that can be directly
measured, intracellular fluxes need to be inferred through isotope tracers. For cancer cells, this task is
drastically hindered by multiple factors, including cellular compartments such as organelles, rich media,
etc. [8]. Because of this complexity, the alternative was to use statistical analysis of measured stable
isotopic patterns, which reveals different substrate usage but remains qualitative and largely driven by
human interpretation.
The recent large-scale example of such analysis was performed by Chen et al.[9], which measured the
labeling patterns of 6 metabolites in 80 non-small cell lung cancer cell lines. The study pointed to a
diverse metabolic rewiring of the tricarboxylic acid (TCA) cycle and serine biosynthetic pathways. In
fact, this type of labeling experiments is used to characterize a small subset of the metabolic network.
Because of this limitation, we rationalize that there is a need for studies that take advantage of the
breath in coverage of untargeted metabolomics but can identify functional information such as activity.
In 2019, Li and colleagues [10] reported a metabolomics study that encompassed 929 cancer cell lines
with 225 profiled metabolites. In this study, they assessed in a genome-wide manner the association
between genetic alterations and single metabolites [10]. This analysis has revealed the metabolic
vulnerabilities of some cells to, for example, asparaginase therapy. Although informative to identify
‘functional’ genetic alterations, this study did not address the overall metabolic operation of cancer cell
lines.
Overall, the interpretation of changes at the molecular level, e.g. metabolites, is not trivial and
integration with multiple molecular layers, termed omics integration, remains a great challenge for the
understanding of cancer and its regulation [11]. For instance, the link between metabolic
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reprogramming and the metastatic potential, in brief, the capacity of cancer to migrate and invade,
remains unclear. These migratory properties are gained through the epithelial-mesenchymal transition
(EMT), a process in which epithelial cells dedifferentiate, lose their cell polarity, and cell-to-cell
adhesion to disseminate [12]. Even though preliminary, recent evidence suggests an interplay between
EMT and metabolic reprogramming, where the activation of EMT is engaged by metabolic pathways
and where EMT orchestrates complex metabolic reprogramming [13].
To further understand the metabolic diversity of cancer, we have re-analyzed the profiled 530
metabolic ions in 180 pan-cancer cell lines presented in chapter 3. To build on the knowledge of
previous metabolic large-scale cell line studies, we aimed to bridge the understanding of metabolite
levels and pathway activity. To get a network-wide view of metabolic operation, we used the
computational method developed in chapter 4 which analyzes metabolomics measurements by
inferring changes related to pathway activity. We could describe the activity of 49 metabolic pathways
and have integrated this functional information to all available omics to unravel its potential drivers. As
a result, we showed that cancer cell lines are mainly rewired in a few metabolic types, validated using
stable isotope labeling and gene dependencies. Moreover, the integration of the metabolic types has
revealed the relation between metabolic reprogramming and EMT, thus proving the important role of
metabolism in cancer progression.

Results
Inference of metabolic activity
A central issue in analyzing metabolomics datasets is interpreting the change of multiple metabolites
and identifying the metabolic process in play with its activity. However, metabolite abundances do not
directly scale with pathway flux. The increase of an individual metabolite is ambivalent. It can point to
an increase of flux but also a roadblock that reduces flux, caused by an accumulation of metabolites
upstream in the pathways. To distinguish these cases, our experience and analysis (chapter 4) suggest
that it is essential to evaluate the trends of all metabolites in a pathway. We therein proposed to use
the method developed in chapter 4, which projects metabolomics data in a pathway space using PC1.
This projection summarizes metabolic changes within a pathway relative to a full set of cell lines. It is a
qualitative proxy for pathway activity and was therefore termed “pathway activity score” (Fig. 1A).
Applying this method, we inferred activity scores in curated KEGG metabolic pathways definitions, with
no overlapping reactions between pathways (see metabolic pathways definitions in methods). We
inferred 49 pathway activity score out of the 82 metabolic pathways, essentially pathways with at least
4 measured metabolites. We evaluated these results by clustering pathway and cell lines with similar
activity, depicted in Fig. 1B. Surprisingly, cell lines diverged into two main clusters with striking distinct
pathway activity scores.
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Figure 1. The metabolic activity of cancer cell lines. A. Schematic description of the inference of pathway score,
a proxy for pathway activity, inferred using Principal Component Analysis (PCA) for all KEGG metabolic pathway
definition. B. Heatmap including hierarchical clustering of the 180 cell lines’ pathway score with pathway names
coloured by pathway class.

The first cluster (left in Fig. 1B) was characterized with generally high activity scores for most of the
pathways; notably from carbohydrate metabolism, amino acid metabolism, and nucleic acid
metabolism. The majority of the pathways are associated with this left cluster. On the other side, we
see a reverse gradient of activity, where pathways have the mirrored activities (right in Fig. 1B). The
second cluster (right) was associated with high activity scores in fewer pathways, which includes part
of lipid metabolism pathway and cofactor and vitamin metabolisms. Interestingly, this second cluster
could be subdivided into two, with the middle cluster associated with more moderate activity in lipids
and cofactor and vitamin metabolism and but higher carbohydrate metabolism, in the center of Fig. 1B.
We introduced these 3 main clusters as the metabolic types, defined as cancer cells with similar
metabolic activity thus probably operation. Moreover, the analysis is not limited to 3 main types but
also highlight minor clusters. These singularities do not differ much from the major types.
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We then dived deeper into the pathways that characterized each type. First, it is crucial to mention that
most of these pathway activities are driven by higher metabolite levels, as the majority of loadings
scores are positive (Sup. Fig. 1). We noted that pathways that had similar activity scores, thus next to
each other in Fig. 1B, are also in the vicinity of each other on the metabolic network. For example, two
groups of carbohydrate metabolism were found, the first which included fructose and mannose
metabolism, glycolysis, pentose phosphate pathway, and more, the second which included pyruvate
metabolism, TCA cycle, butanoate metabolism, and more. In general, most pathways were grouped by
pathway class, where pathways of the nucleotide, amino acid, and lipid metabolism were almost
exclusively grouped together. However, some exceptions remained, i.e. the first pathway, tyrosine
metabolism, had quite diverse activity compared to its corresponding pathway class. As we mentioned
before, we cannot yet infer the directionality of the activity at this stage, thus we cannot say if tyrosine
metabolism is truly opposite to all other amino acid pathways. Interestingly, some anabolic and
catabolic pathway pairs had diverse activity score. For example, fatty acid biosynthesis found at the top
of the list had the opposite activity as fatty acid degradation, found closer to the bottom.
Surprisingly, the clustering of the cell lines based pointed to only a few types with distinct operation.
These results highlighted less heterogeneity than expected, with only 3 major types. Thus, it seems
there is a convergence into rather homogeneous metabolic phenotypes, which can be broadly
characterized by differences in carbohydrate compared to lipid metabolism.
In brief, we could infer metabolic pathway activity revealing a network-wide operation of cancer
metabolism. Using solely metabolites, this method condensed the large metabolite space into a
pathway space, for which we could identify types of cancer cells driven mainly, we suppose, by
differences in carbohydrate and lipid metabolism.
Association of multi-omics to metabolic phenotypes
To further understand these metabolic types, we next wondered if this clustering could be explained
by differences in the characteristics of the cell lines and if they would also point toward 3 main groups.
Our goal was to test if all metabolic phenotypes, the different clusters of cell lines, could be driven by
common cell line traits. Therefore, we performed an association analysis to find whether any of the
cluster branches derived from activity scores were linked to a multitude of traits available for the tested
cell lines. Cell line traits included, for example, experimental information collected during our data
collection campaign, histologic properties, genomic data, expression profiles, etc (displayed in Fig. 2B).
Specifically, we iterated through all possible tree branches with at least 18 cell lines (Fig. 1B) and tested
individually for the association of each one of the considered traits. The threshold on the minimal
number of cell lines in a branch was necessary to ensure statistical power and yet still explore all
possible types, not just the 3 main ones identified before. For categorical (discrete) traits such as
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mutations, we adopted hypergeometric tests to identify significant associations. For continuous traits,
we opted for t-tests. With this procedure, a total of 60’328 traits were tested (Fig. 2B). All 1’025’576 pvalues were merged and used simultaneously to calculate q-values that account for false discovery rates
across all tests. By this procedure, we hoped to identify the most significant association in the clustered
tree regardless of the type of trait tested. For visualization, q-values were extended with a sign to
indicate whether the trait is significantly higher or lower in the branch compared to the rest of the tree
(Fig 2B). In total, we found 856 significant associations between a trait and a branch of the clustering
derived from activity scores (Fig. 2B).

Figure 2. The drivers of metabolic heterogeneity. A. Schematic representation of the developed integration
method where the association of a trait to the metabolic phenotype is tested on all main subtrees of the
hierarchical clustering tree of the cell lines (obtained in Fig. 2B). A hypergeometric test is used to evaluate
association of a qualitative trait to the metabolic phenotype and a student t-test is used to evaluate association
of a quantitative trait to the metabolic phenotype B. List of all traits integrated to the metabolic phenotype, where
traits were considered significant at 10 % FDR (cell lines n = 180). C. Heatmap summary of the significant
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association between the tested traits. For visualisation purpose, only traits significantly associated to the tree
main types (1, 2 , and 3) are shown for methylation, transcript, protein and transcription.

First, we wondered whether any of the experimental variables impacted the metabolic clustering. This
was to verify the potential bias of artifacts in the clustering. We found that type 1 was associated with
cell lines that were grown in suspension (Fig 2C). For practical reasons, all suspended cells were grown
and collected in batch number 6, while the other batches dealt with adherent cells. Coherently, we
found the expected association between cluster type 1 and batch 6. Beyond these links, we didn’t find
further associations between batches and clustering. We also didn’t find any association with
confluence, which could have provoked metabolic changes because of differences in proliferation rate.
In general, these negative results are a positive outcome as they indicate that experimental parameters
were not a major driver of the observed metabolic changes. The analysis was extended to additional
metadata available for many cell lines in the Cancer Cell Line Encyclopedia (CCLE) [16]. In line with Li et
al. [10] and the aforementioned observations, hematopoietic cells were found to be associated in the
Type 1 cluster (Fig. 2C). However, no associations were found with clinical of histological metadata such
as cancer type, histology, histology subtype, pathology, or ethnicity of the cancer donor.
We, therefore, moved on to evaluate if the metabolic types are associated with molecular data on the
genome, transcriptome, or proteome. Our goal was dual: first, characterize major differences between
metabolic types and seek for characteristics that might be the cause of the observed metabolic
phenotypes. Using mutation data curated by Li et al [10], and focusing mainly on cancer genes, we
found only one association between a subcluster of type 2 and mutations in AXIN1. AXIN1 is a
component of the beta-catenin destruction complex and thus its mutation can promote the
accumulation of this cell–to–cell adhesion molecule [17]. Thus, this mutation is the only instance that
could explain differences in metabolic changes in this small subtype compared to all others. In contrast,
mutations of classical oncogenes such as TP53, PIK3CA, CDKN2A, and PTEN were not associated with
the metabolic types derived from activity scores (Sup. Fig. 2), indicating that these are not the principal
drivers of the metabolic changes. Further, in the copy number data curated in Li et al. [10], we found
two positive associations with minor subclusters. For instance, a sub-cluster of type 1 was associated
with Cyclin-dependent kinase 4 inhibitor B (CDKN2b), which functions as a cell growth regulator[18].
We next considered the methylation status of cancer genes and found 252 significant associations,
thereby highlighting a strong association between epigenetic regulation and metabolic phenotype.
Notable associations are highlighted in Fig. 2C. We observed two negative associations between type 1
and Thrombospondin 1 (THBS1), and CXADR like membrane protein (CLMP), both linked with cell-tocell adhesion and interaction. THBS1, an activator of transforming growth factor-beta (TGF-β), has been
shown to promote aggressive phenotype through the epithelial to mesenchymal transition (EMT) [19].
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Supporting this claim, was the negative association between type 1 and Eukaryotic translation initiation
factor 5A-2 (EIF5A2), an mRNA-binding protein involved in aggressiveness, by also inducing EMT
[20],[21].
We next evaluated links between metabolism and gene expression data from the CCLE. We identified
453 significantly associated transcripts. Because of the very large number of positive associations, we
focused on traits that affected large metabolic types and highlighted traits which were associated with
function related to other significant traits (identified String database [22]). Interestingly, two negative
associations were identified between type 1 and phosphatidate cytidylyltransferase 1 (CDS1) and
lysophosphatidic acid phosphatase type 6 (ACP6). Since both target genes encode enzymes involved in
the biosynthesis of glycerophospholipids, it may suggest a reduction in lipid synthesis in type 1. We
identified positive associations between type 1 and type 3 with THBS1. As previously observed, THBS1
was less methylated in type 1 and is more expressed in type 1 (and type 3), hence consolidating its link
with type 1.
Using the protein expression data from CCLE, we found 27 proteins significantly associated.
Interestingly, p53 levels were lower in type 1 compared to the other types, albeit not differentially
mutated (Fig. Sup. 2). P and E-cadherin, classical markers of epithelial cells [23] had significantly lower
levels in type 1.
The drivers of the metabolic phenotypes
We then wondered if not individual but aggregate traits were driving these metabolic phenotypes. We
hypothesize that our metabolic phenotypes are driven by changes in regulatory mechanisms, which can
activate different metabolic pathways. Therefore, we tested whether transcriptional factors activity or
signaling pathways might be the underlying reason for the observed metabolic differences. For the
transcriptional analysis, we assessed whether differential genes are overrepresented in known targets
of each 743 transcription factor (TF) [24]. Eventually, we identified 115 associations between TF and
the clustered metabolic phenotypes. Interestingly, PARP1, Poly [ADP-ribose] polymerase 1, involved in
the regulation of differentiation, proliferation, and tumor transformation was associated with type 1
and 3. HIF1A, Hypoxia-inducible factor 1-alpha, was induced in type 1 and 3. This suggested that most
targets of HIF1A were up-regulated even though all the cell lines were grown in oxygen-rich conditions.
HIF activation has been previously associated with aggressive tumor phenotypes, treatment resistance,
and poor clinical prognosis [25]. TP63, transformation-related protein 63, a homolog of TP53, found to
regulate the migration, invasion, and in vivo pancreatic tumor growth [26], was associated with type 1
and 3. SNAI1, involved in the induction of EMT, was associated with type 1 and 3. Overall, transcriptional
factors seem to regulate our metabolic types, more prominently the three largest ones, with type 1 and
type 3 oftentimes merged into one type.
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To ascertain the potential role of signaling pathways in driving the observed metabolic changes, we
tested 14 signaling pathways activity inferred by Schubert et al. [27]. We identified a positive
association between TGF-β signaling and TRAIL (TNF-related apoptosis-inducing ligand) with type 1 and
3, which are both associated with apoptosis. However, there has been a change in paradigm for the
role of these signaling pathways, where recent findings highlighted the potentially harmful signaling
capabilities of TRAIL, its activation can lead to cell motility and metastasis [28] and of TGF-β, which
promotes cell migration, invasion of cancer cells into different tissues [29].
Several aforementioned associations pointed to an increase of metastasis-related processes, EMT. It
has been previously shown that TGF-β could be driving EMT and cancer metastasis [12], hence
supporting the theory that TGF-β supports migration in type 1 and 3 rather than apoptosis. To directly
test this hypothesis, we used the EMT score proposed by Rajapakse et al. [30]. It uses gene expression
of known EMT markers to quantify the potential of invasiveness and metastasis formation of cancer. A
high EMT score is associated with epithelial state and a low EMT score to mesenchymal state. When
analyzing it, we indeed identified an association between type 1 and 3 with mesenchymal state and
type 2 with epithelial state.
In summary, the main metabolic phenotypes are associated with altered methylation, gene expression,
oncogenes levels, transcription regulators, and EMT, possibly driven by TGF-β signaling activity, which
could be considered as potential drivers. An overwhelming number of associations point to the fact
that the metabolism of these cancer cell lines is connected to EMT. This association was corroborated
by differences in expressions and levels of structural proteins that maintain cell shape and polarity.
Type 1 and 3 were associated with mesenchymal state hence with more metastatic potential, whereas
type 2 was linked to epithelial state.
Association between EMT and metabolic types
To further probe the link between metabolic types and EMT, we selected diverse representative cell
lines of the two main metabolic Types 1 and 2. Since our integration analysis with proteomics revealed
that cells exhibiting Type 1 metabolism expressed lower E-cadherin levels, we sought to verify whether
a different canonical EMT marker, vimentin, was associated with the same metabolic type. Using
indirect immunofluorescence coupled with high content microscopy, we detected a strong expression
of vimentin in the indicated cell lines representing metabolic phenotype Type 1 (Fig. 3A, top panels).
Conversely, the expression of vimentin was lower in the cell lines exhibiting the Type 2 metabolic
phenotype (Fig. 3A, lower panels). Of note, only the non-small cell lung cancer cell line NCIH460
belonging to Type 2 metabolic phenotype expressed detectable levels of vimentin (Fig. 3A, lower panel).
The microscopic analysis also highlighted a striking difference in morphology. Type 1 cells featured
spindle-like shapes resembling fibroblasts, whereas Type 2 portraited rounded regular shapes,
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consistent with their EMT state. To obtain a quantitative evaluation of the differences in vimentin
expression, we segmented all the cells from the indicated cell lines to assess the intensity of the stained
marker. In Fig. 3B, we see considerably more vimentin expression in Type 1 versus Type 2 (P < 1 × 10-3,
Student t-test). These results confirm the association of Type 1 to a more mesenchymal state and Type
2 to a rather epithelial-like state. Altogether, the expression of the EMT marker and the differences in
morphology between the types substantiate the link between the main metabolic phenotypes of these
cancer cells with their transition from epithelial to mesenchymal state.

Figure 3. The metabolic types associated to epithelial and mesenchymal states. Staining examples of the 2 types
stained for the nucleus (blue) and A. for vimentin (green), marker of EMT. Quantification of the expression of B.
vimentin all segmented cell lines (number of cells n = 10 273, two-sided t test) ∗∗∗p ≤ 0.001; Abbreviation: a.u.
arbitrary units

Differences in metabolic pathway activity unraveled using 13C labeling
The association analysis provided novel leads on the regulatory differences that characterize the main
metabolic types identified by activity scores, but it failed to expand our understanding of the metabolic
differences. For instance, only sporadic associations were found for enzyme levels or their transcripts
and, therefore, it is not possible to draw robust hypotheses on nutrient utilization or nutrient fluxes. It
is important to emphasize that the lack of strong associations does not exclude that the activity is
regulated or affected. This could be a mere consequence of insufficient statistical power or, more likely,
the indication that different types of regulation occur in different cell lines. The functional
consequences in terms of pathway usage might be similar, but remain undetected when lumping
different cell lines in a group.
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Figure 4. Differential pathway utilization inferred by high throughput labeling analysis. A. Schematic
representation of fractional difference, difference between fractional labelling (percentage of 13C labelling)
between type 1 and type 2. B. Ranked with positive value associated to type 1 and negative to type 2. Coloured
metabolites indicate significant at 5% FDR. Mass distribution vector (MDV) for glucose phosphate, intermediate
of glycolysis, urocanate, intermediate of histidine metabolism, labelled from [U-13C]glucose (cell lines n = 54,
Student t-test). Bar plot where vertical lines indicate position of metabolites of TCA cycle in ranking. C. KEGG
pathways enriched in type 1 (blue) and type 2 (red) from [U-13C] glucose labelling experiment or [U-13C] glutamine
labelling experiment (cell lines n = 54, hypergeometric test corrected for FDR).
; ∗∗∗p ≤ 0.001; ∗∗p ≤ 0.01; ∗p ≤ 0.05

To directly evaluate differences in pathway usage between the metabolic types, we used 13C-labeling
experiments. The goal was to assess whether conserved differences in fluxes could be identified
between type 1 and 2. Given the generic preference of cancer cell lines for glucose and glutamine, we
grew representative but diverse cell lines of the two types in media enriched with either [U-13C] glucose
or [U-13C] glutamine for 48 hours. Upon metabolite extraction from cells, we used untargeted
metabolomics to measure 13C-enrichment and, in turn, to quantify the amount of carbon that in each
detectable metabolite originated from glucose or glutamine. For example, the mass distribution
metabolite vector (MDV) of lactate shows lactate m+3 being labeled from [U-13C] glucose (Fig. Sup. 4A).
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However, instead of individual MDV for each metabolite, we have used fractional labeling (FL), a single
number that reports the percentage of carbons originating from the labeled substrate. To identify the
differences in carbon fluxes between type 1 and 2, we computed the difference in FL between the
averages of the two groups. The resulting number was termed fractional difference (Fig. 4A).
In the [U-13C] glucose labeling experiment, several metabolites were found to have distinct fractional
differences (Fig. 4B). In total, 25 metabolites were enriched in type 1 while 30 metabolites were
associated with type 2 (q-value <0.05, Student t-test). For example, the case of hexose phosphate
enrichment resulted in a fractional difference of 0,11 representing an 11 % relative enrichment in type
1 over type 2 (Fig. 4B). This quite large difference is surprising as hexose phosphate is one of the first
intermediates converted from glucose. Conversely, urocanate, an intermediate of the histidine
pathway, was the top-enriched metabolite associated with type 2 at a staggering fractional difference
of 29 %. Thus, we can presume broad differences in carbon sources for that metabolite.
To identify metabolic pathways that exhibited differential labeling patterns, we performed a pathway
enrichment analysis using the ranking of the fractional differences. As shown in Fig. 4C, from [U-13C]
glucose, the 11 measured metabolites of the TCA cycle were mostly ranked towards type 2, resulting in
a significant enrichment (q-value < 0.01, Hypergeometric test).
From [U-13C] glucose, we observed a third of the metabolic pathways significantly enriched (Fig. 4C).
For type 1 which had fewer highly active pathways, we observed also few pathways enriched, only
pentose phosphate, galactose metabolism, and ‘fructose and mannose metabolism’ pathways.
Interestingly, most of the pathways were enriched in type 2, most prominently purine and pyrimidine
metabolism, TCA cycle, fatty acid biosynthesis, and elongation. Overall, type 2 was enriched with a vast
number of metabolic pathways, which included amino acid, nucleotide, and lipid metabolism pathways.
Conversely, type 1 was enriched in carbohydrate metabolism pathways. Thus, we hypothesize that the
differences in labeling occur at the level of glycolysis and the TCA cycle, where the differences in glucose
labeled seem to shift from one type to the other.
Because of this difference in carbohydrate metabolism, we evaluated if type 1 cells could be associated
with aerobic glycolysis (Warburg effect) even though glycolysis was not per se enriched. However, we
found that the two types had similar glucose uptake and lactate secretion (Fig. Sup. 5), thus not
associated with the Warburg effect.
In comparison to [U-13C] glucose, [U-13C] glutamine had fewer enriched pathways, probably due to its
lesser role as a carbon source. To our surprise, only pathways enriched in type 1 were found, namely
amino sugar and nucleotide sugar (hexosamine), and phenylalanine pathway. Even more interesting
were the pathways which differ from [U-13C] glucose. Pyrimidine biosynthesis and fatty acid
degradation pathways were enriched in type 2 when labeled with glucose but were enriched in type 1
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when labeled with glutamine (Fig. 4C), thus showing some differences in carbon utilization between
the types. We can conjecture that glutamine plays a greater role in type 1.
When comparing the pathway activity scores with these

13

C enrichment results, we realized that

indeed, the infer activity using metabolite oftentimes resulted in reserve directionality. For instance,
type 1 had higher activity in lipid metabolism. Our labeling result highlighted less 13C enrichment in
these pathways, thus significantly different but carrying less flux instead of more. The same was true
for some carbohydrate metabolism pathways, except the TCA cycle, where their activity was reverse to
their 13C enrichment. However, for the TCA cycle and amino acid metabolism, nucleotide metabolism
pathways, their activity score was associated with their enrichment. Intriguingly, many pathways were
not enriched in any of the two types. These pathways might still be differently active but not utilizing
the two mentioned carbon sources. For example, they can uptake the amino acid instead of making it
de novo.
Fractional differences allow for a coarse comparison of carbon provenance. Additional knowledge can
be gained by investigating individual labeling patterns, as specific isotopologue of the same metabolite
can be labeled through different metabolic routes. For example, in the [U-13C] glutamine experiment,
citrate (Fig. Sup. 4B) had higher +4 in type 2, thus higher anaplerosis from glutamine compare to type
1. Interestingly, type 1 had higher m+5, indicating higher glutamine-dependent reductive carboxylation
through isocitrate dehydrogenase [9]. This could indicate differences in mitochondrial pathways usage
as this later reaction can take place outside of the organelle when it is defective [31].
In summary, we have used untargeted metabolomics combined with

13

C labeling to confirm the

differences in activity across the identified types. This step confirmed the divergence in the usage of a
substantial number of pathways between the types. Interestingly, the inferred activity score from
metabolites revealed differences in activity but reverse, where high activity score translated oftentimes
in low flux from the labeling from glucose. This was the case of some carbohydrate metabolism which
were less active in type 1 but were more enriched. Lipid metabolism pathways had the same reverse
relation with type 2 but was also characterized by correct differences in mitochondrial, amino acid, and
nucleotide metabolic pathway activity. Moreover, we showed that labeling from glutamine seems to
play a greater role in type 1.
Differential lipid content between metabolic types
Numerous instances of our investigation suggest that the main metabolic types might differ in lipid
content and metabolism. Because metabolomic measurements cover sporadic lipid changes as it is not
tailored for these class of compounds, we further investigated the role of lipids in characterizing the
two types. Our objective was to expand our analysis to all lipid classes to confirm differences in lipid
content across the types.
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Figure 5. The lipid content of the metabolic types. A. Differential lipid species across type 1 and 2 divided in lipid
class. B. Density distribution of fold changes per lipid class C. Differences in total lipid content, with sum of average
lipid class with standard error (N= 42, Student t-test) D. Differences in lipid content in each class, with number of
lipids per class in title (N= 42, Student t-test). Lipids class linked to mitochondria identified with schema of the
organelle. Difference in unsaturation (concentration-weighted average double per acyl chain) across types (N=
42, Student t-test) for E. PC, Ether PC and F. all Lipids .
ns: p > 0.05, *: p <= 0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001

We, therefore, set out to directly investigate the lipidome of representative cancer cell lines. By
untargeted LC-MS, we could quantify 305 lipid species. We directly compared the levels of these species
across the two types to identify if they were indeed more abundant in type 1 versus type 2. We
compared levels in sphingolipids, phospholipids, and glycerolipids, among which the two largest lipid
classes were triacylglycerols (TAG) with 147 lipids measured, and ether phosphatidylcholines (PC) with
58 (Fig 5A). Overall, a large number of individual lipids are differently changing, with some members of
the same lipid class. For instance, type 1 had increased hexosyl-ceramide (HexCer) and
phosphatidylserine (PS) lipids whereas type 2 had increased cardiolipins (CL) and phosphatidylglycerols
(PG) (Fig. 5B), which are related to mitochondria. In comparison, some classes like PC, the main
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constituent of lipid membranes, had an evenly spread difference across the types. We investigated all
lipid classes in greater detail in the following section.
Using class-specific internal standards that were spiked in known amounts, we could quantify the
abundance of the detected lipids. Based on quantified data, we identified a slight increase in total lipids
in type 1 (Fig. 5C), thus proving differences in cell composition between the types. Moreover, we
observed differences in the total amount of lipid classes. For instance, total cardiolipins (P < 0.01) and
phosphatidylglycerols (P < 0.05) was higher in type 2 (Fig. 5D). These lipids constitute the membrane of
mitochondria and, therefore, they suggest an increase of mitochondrial mass in type 2. Conversely,
lipids associated with the extracellular membrane such as phosphatidylserines (P < 1 × 10-3) and
sphingomyelins (P < 0.01) were higher in type 1, which is consistent with morphological differences.
Indeed, type 1, which was more mesenchymal, had a spindle shape like membrane, thus probably
reflecting its bigger membrane.
The total amount of further lipid classes like ether phosphatidylcholine and triacylglycerols were not
different significantly between the two main metabolic types but had a very broad distribution (Supp.
Fig. 5). We hypothesize that these large distributions in these species were due to the structural
features of these lipids. When comparing the species by double bond and chain length (Fig. Sup. 6), for
TAG, we found that cells from type 1 cells had shorter carbon length and type 2 longer. For ether PC,
the opposite was observed.
Finally, we further evaluated the unsaturation state of the two types, as it relates to membrane fluidity.
We found that type 2 had higher levels of unsaturation index for PC (P < 1 × 10-4) and ether PC (P <
0.01) (Fig. 5E), the main constituent of the cell membrane. In general, the lipid unsaturation in all lipids
was also higher in type 2 (Fig. 5G), thus showcasing the differences in the regulation of membrane
fluidity between the types.
Collectively, we identified slightly higher lipid content in type 1 cells which would support the
morphological differences observed earlier. Type 1 cells had higher lipids associated with cellular
membrane whereas type 2 had lipids associated with mitochondria. This result is in line with the
labeling results where we found higher TCA labeling and more anaplerosis in type 2, hence highlighting
a differential use of mitochondria between the types. However, some differences were more finegrained, where instead of the total content, structural features distinguished the two types. For
instance, differences in unsaturation levels can regulate membrane fluidity and thus enable cells to deal
with stress while forming metastasis.
Labeling into de novo lipid synthesis confirms differences in types
Given the differences observed in lipid content between the two main metabolic types, we wondered
whether we could corroborate differences with

13

C-labeling experiments. Our key questions were
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whether the two types differed in the rate of the de novo lipid biosynthesis and whether class-specific
flux effects exist. To assess how much of the lipids are made de novo, we used the same experimental
strategy as for central carbon metabolism with labeling for 48 hours with either [U-13C] glucose or [U13

C] glutamine. Lipid extracts of representative cell lines were analyzed by untargeted LC-MS. Analysis

of labeling in lipids is more challenging than for metabolites because of the lower abundance of single
species and the larger number of carbon atoms which causes a “dilution” of the signal detected in an
unlabeled sample to dozens of isotopic peaks in a labeling experiment. To maximize the quality of the
data, we selected the most abundant representatives for each lipid class and performed targeted data
extraction to determine full mass distribution vectors (MDVs).

Figure 6. Differential de novo lipid biosynthesis from [U-13C] glucose. A. Examples of MDVs for TAG 50:1 labeled
for the cell line HS578T (Type 1) and the cell line NCIH460 (Type 2) with computed average fractional labeling
value (± standard deviation). B. Bar plot (mean +/standard deviation) of fractional labeling from [U-13C] glucose
of most abundant lipids per lipid class (N=54, Student t-test).
ns: p > 0.05, *: p <= 0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001

The lipid labeling data highlighted astonishing differences between the cell lines and the metabolic
types. For example, in Fig. 6A, we show the full MDV of TAG 50:1 upon [U-13C] glucose labeling for cell
lines HS578T (type 1) and NCI-H460 (type 2). In HS578T, the largest isotopologue is M+3, which results
from

13

C3-glycerol backbone and unlabeled acyl chains. The distribution of isotopologues and the
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resulting fractional labeling evidenced that only 24% of the carbons are labeled. In contrast, the type 2
representative NCI-H460 features a much larger labeling extent (70%). This strikingly higher
incorporation of 13C in type 2 lipids suggest substantially higher de novo biosynthesis compared to type
1. We extended the same analysis to all 15 selected lipids and 9 selected cell lines (Fig. 6C and Supp.
Fig. 8). For 13 out of 15 tested lipids, we consistently found more 13C-incorporation in type 2 (P < 0.05,
Student-test). This validates the finding that type 2 had higher de novo fatty acids biosynthesis as these
fatty acids are being incorporated in complex lipids. The only exception being lysophosphatidylcholines
(LPC), which are phospholipid derivatives and not made de novo. It appeared that the biosynthesis of
unsaturated fatty acid synthesis, which is incorporated in unsaturated lipids, e.g. PC 36:3,
phosphatidylethanolamine (PE) 36:2 and more, was also highly significant (P < 1 × 10-3), consistent with
the higher unsaturation levels in type 2.
We then investigated the second tracer, [U-13C] glutamine. Only a small percentage of the lipids were
labeled from that carbon source, around 10% to 20% (Sup. Fig. 9). Nonetheless, we observed a small
but opposite trend with increased 13C in type 1 for 5 out of tested 15 lipids. This difference, even though
small compared to [U-13C] glucose, likely reflects a difference in glutamine utilization in type 1 as
indicated by citrate labeling data (Supp. Fig. 3B) which had higher m+5. Indeed, as mentioned before,
glutamine-dependent reductive carboxylation by isocitrate dehydrogenase (IDH1, IDH2) is used in
defective mitochondria to make lipids, which could explain the case for type 1 [9].
In conclusion, we observed higher activity in lipid synthesis from the main carbon source, [U-13C]
glucose, in type 2 cells, which was not coupled to higher lipid content. The remaining fraction of nonlabeled lipids resulted from other carbon sources, which could be from direct lipid uptake. Of note, type
2 had higher de novo unsaturated lipids biosynthesis and labeling into ether lipids, which are also linked
with membrane fluidity [32].
Main metabolic types have distinct genes and drug susceptibility
Finally, we evaluated if the inferred metabolic types had different sensitivity to metabolic inhibition.
We hypothesized that active pathways in one type would be more sensitive to the inhibition of the
genes coding for its reactions. When comparing the dependency data from a CRISPR knockout screen
of 18 333 genes in 740 cell lines [33] where negative gene effects are associated with decreased fitness
[34], we saw that active pathways were more sensitive in one type versus the other. As an example,
PGM3 (Fig. 7A), which codes for the phosphoglucomutase 3 from the hexosamine pathway, was more
dependent in type 1 than type 2 (P < 0.05, Student t-test). Another striking example was PGAM1 (Fig.
7B), encoding for phosphoglycerate mutase 1 in glycolysis. As its knockout has a deleterious effect in
both types, we observed that for type 1, the effect was more pronounced as the average gene effect
was close to -1, the median value of essential gene [33], whereas the gene effect was around -0.8 for
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type 2 (P < 0.01). These two results corroborated from a functional standpoint that the association of
type 1 to higher sugar metabolism activity.

Figure 7. Differential sensitivity to gene dependency and drug among metabolic types. Gene effect values are
scaled so that 0 is the median effects of nonessential genes and -1 the median effects of essential genes. Gene
dependency of A. PGM3, phosphoglucomutase 3, from the hexosamine pathway B. PGAM1, phosphoglycerate
mutase 1, from glycolysis C. SDHAF4, succinate dehydrogenase assembly factor 4 mitochondrial, and IDH2 (Fig.
8C), isocitrate dehydrogenase 2 mitochondrial, both from the TCA cyle (n = 63, two-sided Student t-tests). E.
Schematic representation of pathways which contains reactions encoded by displayed gene dependencies. F.
KEGG pathway enrichment results of the gene dependency associated to type 1 (blue) or type 2 (red) and
computed using leading edge analysis from gene set enrichment original software, with the recommended
significance at 25% FDR. G. Drug response to MK-8245, which targets SCD, stearoyl-CoA desaturase, from the
unsaturated fatty acids biosynthesis pathway.
; ∗∗∗p ≤ 0.001; ∗∗p ≤ 0.01; ∗p ≤ 0.05

Conversely, the sensitivity to gene knockout changed in the types after glycolysis. For example,
knockout of IDH2 (Fig. 7C), Isocitrate Dehydrogenase 2 Mitochondrial, a key enzyme in the TCA cycle,
did not impair fitness in type 1 but did affect some cell lines in type 2 (P < 0.01). The same was true for
a following reaction of the same pathway, SDHAF4 (Fig. 7D), Succinate dehydrogenase assembly factor
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4 mitochondrial, which had on average no effect on the fitness, gene effect around 0, in type 1 but had
some effect in type 2 (P <0.01, Student t-test).
Beyond the aforementioned examples, we attempted to extend the analysis from single reactions to
whole pathways, similarly as we did to calculate pathway activity scores. To evaluate these
dependencies at the level of metabolic pathways, we performed gene set enrichment analysis on the
gene list ranked depending on their correlation with the two types [35]. The resulting significant
pathway meant that knockout of most genes of that pathway had an impact on fitness, at the
recommended significance of 25% FDR [35]. The top pathways associated with type 1 were linked to
sugar metabolism, with glycolysis and hexosamine pathway just below the significant threshold. This
came as a surprise as glycolysis plays a central role in all cells and one would have expected the
knockout of any of its reactions would have similar detrimental effects. On the other side, type 2 had
highly significant pathways, with the top hit being oxidative phosphorylation (0% FDR, Fig. Sup. 10A).
However, oxidative phosphorylation cannot be evaluated with the methods we used. On the other
hand, its associated pathway, the TCA cycle which donates its electron, had higher activity in type 2,
thus substantiating the dependency for the electron transport chain in type 2. Another significant
pathway was histidine metabolism which was modestly labeled from [U-13C] glucose but for which its
intermediate, urocanate (Fig 5B), was the most differentially labeled (30%) in type 2 (Fig. 5A). Moreover,
higher labeling in ether lipid metabolism was confirmed by higher sensitivity in its reactions. Finally,
type 2 was sensitive to biosynthesis of unsaturated fatty acid inhibition (Fig. Sup. 10B), which supports
the higher need for unsaturated fatty acid metabolism and the regulation of unsaturation lipids
mentioned before (Fig. 6B). We evaluated the sensitivity to gene inhibition could be translated into a
therapeutic target, as extensive data showing the importance of unsaturation between the types. Using
published data of non-oncology drugs [36], we identified that, indeed, targeting its main reaction which
unsaturates fatty acids, SCD, Stearoyl-CoA desaturase, had a significant effect in type 2 compared to
type 1 (Fig. 7H), confirming the vulnerability of that pathway. Interestingly, SCD only occurs in aerobic
conditions as it requires oxygen. Overall, targeting lipid metabolism has great potential for cancer
therapy [37] compared to oxidative phosphorylation which remains challenging in oncology [38].
Here, we demonstrated that the pathway activity and clustering derived from metabolomics data can
translate into dependency for cancer cell lines and sensitivity to genetic or pharmacological inhibition.
In type 2, the importance of mitochondrial pathways was highlighted by oxidative phosphorylation
dependency. The sensitivity to unsaturated fatty acid biosynthesis in type 2 was confirmed as a
therapeutic liability for these cancer types.

Discussion
We used systematic, unbiased approaches to investigate the metabolic reprogramming in 180 cancer
cell lines grown in cell cultures. Starting from semi-quantitative data for 530 putative metabolites
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acquired by untargeted metabolomics, we inferred activity scores for 49 pathways with sufficient
coverage based on coherent patterns as captured by principal component analysis. This allows for an
unsupervised inference of functionally relevant metabolic changes, which was not possible with already
existing methods. The assembled data suggests a great metabolome similarity, pointing to a
convergence in the metabolic phenotype. It appears that cancer metabolism is not as heterogeneous
as expected, as three main subtypes have emerged from our analysis. We further evaluated the two
most distinct types. We could show that the proposed computational method revealed differences in
pathway usage between cancer cells, where one type of cells relies on mitochondrial pathways, amino
acid metabolism, and lipid biosynthesis, and the other on carbohydrate metabolism. Importantly, the
activity of these pathways was confirmed by isotopic labeling, and their central role was confirmed by
knockout fitness screen. These types were substantiated by previous findings from Daeman et al [39],
where two main subtypes, glycolytic and lipogenic, were identified in pancreatic ductal
adenocarcinomas. We were able to crystallize, on a systematic scale, which pathways were in play in
the two types, adding the TCA cycle and oxidative phosphorylation to type 2, coined lipogenic in this
study. Moreover, we generalized these findings to all cancer lineages. Compared to other large-scale
cancer metabolism studies, instead of focusing on a single metabolite associated with growth [10], on
the association of genetic alteration with a single metabolite [10], or the function of very few pathways
[40], we were able to identify the metabolic operation of cancer cell lines at a network-wide scale. This
was made possible by the development of the computational method for metabolomics analysis, which
should be further developed in future research. For instance, inferring the correct directionality should
be addressed in subsequent work. By integrating all omics to these phenotypes, we could characterize
differences between all types of metabolic operation. We found a relation between the different
metabolic reprogramming and transcriptional activity, signaling activity but more prominently EMT,
suggesting that two of the main types, type 1 and 3, are more aggressive. Interestingly, this third main
type (type 3) bared a lot of similarity to type 1, especially in terms of pathway activity, signaling, and
mentioned EMT.
Building from the insight from the first large-scale intracellular metabolomics study [10], we have
expanded their association approach, evaluating single genetic perturbations with single metabolites,
to an approach where single perturbations are associated with global metabolic phenotypes. The
integration of metabolic phenotypes to all available traits allows for the identification of possible
metabolic drivers of the phenotype. Our analysis revealed many drivers, 856 traits, and the most
notables, HIF1A, TGF-β, and EMT whose cross-regulation has already been reported, and associated
with type 1. Furthermore, this analysis is not limited to drivers as recent findings highlighted the role of
metabolism in activating these processes. The hexosamine pathway, more active in type 1, can
orchestrate many downstream glycosylation events that in turn control proteins and processes involved
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in cell signaling (TGF-β), metabolism, gene regulation (HIF1A), and EMT [41]. Further analysis would be
required to identify the causality of these relations. Interestingly, the relevance of metabolic pathways
in EMT is only recently being recognized [42]. It has been lately reported that alterations in key
metabolic pathways affect cancer development and progression [42]. However, the association of the
types with EMT shows a much greater interaction and interconnectedness between EMT factors and
global metabolic operation.
To our surprise, we did not find common mutations that are associated with these metabolic changes,
even though downstream regulators, such as p53, are found at different levels across the types. We
suppose that, instead, a variety of mutations could result in similar metabolic rewiring. Similar
observations have been observed in a genomic study of cancers [43]. Across cancer lineages, there is
a convergence in the regulatory influence towards common metabolic phenotype even though they
are driven by the different genetic perturbations. The dependencies of each metabolic phenotype to
biosynthesis/degradation processes could be used as shared liabilities and targeting metabolic
phenotype could yield a much broader success in eliminating cancer [44].
Identifying the activity of diverse pathways appears to be a powerful resource to identify cancer's
metabolic weaknesses. We did find whole pathways vulnerabilities, where oxidative phosphorylation
and unsaturated fatty acid were sensitive in type 2. However, because of the plasticity of metabolism,
not all pathways were reported as essential. Further investigations of these co-activated pathways, for
example, by targeting both pathways simultaneously, could identify synthetically lethal interactions
between these pathways and thus new vulnerabilities in cancers.
Compared to other omics, namely transcriptomics [45], we did not find similarity in the metabolome of
the cell lines originating from the same lineage. Thus, the metabolic reprogramming seems agnostic of
the tumor location in the body. One challenge for the utilization of targeted metabolic therapy found
in this work is to identify the types in an in vivo setting. Further work should investigate how to identify
these metabolically functional cancer types in tumor samples. For example, radiolabeled glucose
uptake has been used for the diagnostic of cancer cells in vivo. One could combine different nutrient
sources to further confirm the membership of the tumor to the different types, for example, using
radiolabeled glutamine [46]. However, this diagnostic would only work on the premise that the
observed cancer cell line types are conversed in vivo, which would need to be confirmed in follow-up
studies. Our results showcased the benefit of using functional assays to unravel metabolic operation
and thus liabilities, compared to indirect cues such as the oncogenic state. However, as other omics are
easier to assess in vivo and as we did observe a high number of associations of omics trait with our
types, one could use these to infer the type in vivo. This could be done by creating a probabilistic score
based on the number of common traits found in the tumor that are associated with the types.
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What has yet to be explored is the underlying principles that drive these cancer cells to adopt diverse
phenotypes. These could be constraints put on cancer cells to support their development, such as
energy production, oxygen adaptation, or limited resource, such as proteome allocation [47]. Because
of the overwhelming result linking type 2 to aerobic pathways (TCA cycle, oxidative phosphorylation,
unsaturated fatty acids, etc.), we hypothesize that oxygen and its metabolism plays a great role in
shaping the metabolic phenotype. Even though the cells are under the same normoxic condition,
hysteresis due to past oxygen availability could explain these phenotypes. For example, to regulate
their lipids, type 2 cells, probably in normoxic condition, maintain membrane fluidity by producing de
novo unsaturated fatty acids, whereas type 1 cells, more metastatic and in hypoxic condition, induce
HIF1A which inhibits mitochondrial pathways, alters lipid metabolism, and potentially increase the lipid
uptake. Indeed, scavenging unsaturated fatty acids from the media is used by cells to deal with hypoxic
stress [48]. Moreover, the differences in these aerobic pathway usages could be explained by impaired
mitochondria. In fact, type 1 cells had less mitochondrial lipids, less activity in mitochondrial pathways,
and were less dependent on respiration, hence we conjecture that they have defective mitochondria.
This could explain the higher contribution of [U-13C] glutamine to citrate m+5, reductive carboxylation,
which supports growth in cells with defective mitochondria [31]. Further work should address the role
of mitochondrial metabolism to clarify our hypothesis of mitochondrial dysfunction.
Several limitations of our study should be considered. First, we did not study non-cancer cell line models
thus the identified liabilities could also target normal cells as some metabolic pathways are important
in all tissues. Second, all observations were made in vitro as we were focused on the intrinsic variation
of cancer cell lines and did not factor the effect of the tumor microenvironment. However, a recent
study has shown that similar pathways were identified from both clinical samples and cell culture [49],
hence follow-up study on tumor samples could confirm the in vitro liabilities. Finally, we would need to
develop a systematic way to identify these metabolic types in vivo as accessing metabolome or fluxome
in vivo remains a challenging task. The next logical step will be to evaluate if patients with tumors
resembling type 1 phenotype have an overall poorer prognosis as mesenchymal features tend to be
more aggressive [50].

Materials and Methods
Metabolic pathway definition
A common issue using pathways is that their definition can be arbitrary, i.e. the start and end of a
pathway is dependent on the database. Kyoto Encyclopedia Genes and Genomes (KEGG)[51], our
chosen database because of its high curation, has the disadvantage of having overlapping pathways.
We circumvented this limitation by removing reactions, and their corresponding substrate or product,
which were present in multiple metabolic pathways.
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We have queried KEGG using the rtp server and have downloaded all pathways and their corresponding
reactions and metabolites. Because metabolites in KEGG pathways are not organism-specific i.e.
metabolites that are part of reactions not present in homo sapiens will also be part of a pathway, we
created organism-specific pathways by selecting reactions and metabolites where a homo sapiens
genes are mapped.
Because KEGG pathways are heavily overlapping, we have also curated which reactions belong to which
pathway. We kept the first instance of a reaction by following the pathway order given by KEGG. For
example, glycolysis (KEGG id: 00010) is the first pathway, followed by the citrate cycle (KEGG id: 00020).
Hence, the reaction pyruvate dehydrogenase (KEGG id:R01699) found in both pathways was only kept
in glycolysis and not in the citrate cycle. This curation resulted in a smaller pathway definition with less
overlapping reactions, and thus metabolites, more specific to a pathway.
Inference of pathway activity
First, metabolomics data were mapped onto pathways using the novel pathway definitions. Only
pathways with a minimum of four metabolites measured are analyzed, which resulted in a total of 61
KEGG pathways. We then used PCA, a method to reduce high dimensional data to retain trend and
pattern, to project cell lines onto the first component (PC1). PC1 explains the largest variability of the
metabolite levels. The contribution of each metabolite to the separation is stored in loadings scores.
The combination of these metabolites loadings represents the most striking metabolic pattern
observed in the cell lines, which we later termed as the metabolic signature of that pathway. To control
for quality in inference, we have projected onto PC1 all 1060 injections separately and have used the
information the 6 replicates for each cell line to assess the quality of the measurements. The average
of these 6 replicates was assigned to a cell line. Final PCA scores were scaled from -1 to 1 for inter
pathway comparison.
Multi-omics integration
We have developed in R (R-3.6.1, R Foundation for Statistical Computing, Vienna, Austria) an algorithm
that takes into input a hierarchical tree and a qualitative or quantitative variable of the leaf of the tree.
The algorithms evaluated all subtrees of a minimum size. For this application, we used a minimum size
of 18 as it represents 10% of the total cell lines/leaves. We then tested if that variable/trait values are
significantly different between each subtree from all other not selected subtrees. For statistical testing,
we have used a hypergeometric test to evaluate discrete variables (e.g. lineages) and a student t-test
to evaluate quantitative variables (e.g. transcripts levels). In total, these resulted in multiple tests for
each tested trait, up to 17. We then have compiled all p values from all tested traits, resulting in 1 025
576 p-value and corrected for false discovery rate. For continuous traits, the sign of the change, higher
positive and lower negative, is multiplied by the q-values.
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Cell line selection and culture for follow up
We have chosen 9 cells from type 1 and type 2 for further evaluation. These cell lines were selected to
span diverse lineages. To show differences in metabolism across the same lineage we chose a paired
ovarian cell line (OVCAR3 and OVCAR5) and one breast cell line (T47D and HS578T) each part of the
opposite type. To confirm that the metabolic types are not associated with growth rate, we selected
cell lines in order to span broad doubling time (between 17h to 53h) but balance across the two types.
Cell lines were obtained from the National Cancer Institute (NCI, Bethesda, MD, USA). After thawing,
the cell lines were expanded in cell culture flasks (Nunc T75, Thermo Scientific) at 37°C and 5% CO2 in
RPMI-1640 (Biological Industries, cat.no. 01-101-1A) supplemented with 5% fetal bovine serum (FBS,
Sigma Aldrich, cat.no. F6178), 2 mM L-glutamine (Gibco, cat.no. 25030024), 2 g/L D-glucose (Sigma
Aldrich, cat.no. G8644), and 100 U/mL penicillin/streptomycin (P/S, Gibco, cat.no. 15140122).
Cell imaging and image analysis
Cells were stained overnight at 4C in blocking solution with the following antibodies: Alexa Fluor® 488
anti-Vimentin (1:1000, Biolegend, #677809) and DAPI (10mg/ml, 1:1000, Sigma Aldrich). High-content
imaging was performed with an Opera Phenix automated spinning-disk confocal microscope at 40x
magnification (Perkin Elmer, HH14000000). To measure cell area shape features, single-cells were
segmented using CellProfiler 2.2.0 [52]. Nuclei segmentation relied on the DAPI channel and
segmentation of the marker utilized the Vimentin (VIM) channel. CellProfiler module
‘DetectPrimaryObject’ was used to identify the nuclei and ‘DetectSecondaryObject’ was used to derive
the intensity of the marker in the area around the nucleus. For each cell, 9 images from 9 biological
replicates were segmented, which cumulated into 10 273 segmented cells. Downstream image analysis
and data visualization was performed with MATLAB R2019a. Student’s t-test was performed to
calculate statistical significance.
Stable-isotope labeling
After two passages, FBS in the growth medium was replaced by dialyzed FBS (dFBS, Sigma Aldrich,
cat.no. F0392) with a reduced content of low molecular weight compounds. 3 replicates of each cell
line were grown for 48h in either growth medium with fully 13C-labeled glucose (Sigma-Aldrich, cat.no.
389374), or with fully 13C-labeled glutamine (Cambridge Isotope Laboratories, cat.no. CLM-1822-H-PK)
orin non-labeled growth medium.
Metabolomics extraction, measurement, and analysis
At 48 h, metabolite extraction method was performed using the same protocol as the original screen.
Untargeted metabolomics of extracts was done by FIAplus, a method that combines LC with flow
injection analysis – Time-of-Flight mass spectrometry on an Agilent 6546 Q-TOF instrument (Agilent,
Santa Clara, CA). For the LC, a 30mm C18 column (Waters ACQUITY UPLC BEH C18 column, cat.no.
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186002352) with a linear gradient from 10% water/90% methanol to 90% water/10% methanol was
used. Mass spectra were recorded from 50 to 1050 m/z in HighRes, negative ionization mode.
Annotation was done by matching the measured mass of the ions with reference compounds derived
from the Human Metabolome Database (HMDB 4.0), taking labeling patterns of potential metabolites
into consideration. Processing and further statistical analysis were performed using in-house Matlab
software (The Mathworks, Natick).
Lipidomics extraction, measurement, and analysis
Cells were grown in the same three conditions (medium with fully-labeled glucose, fully-labeled
glutamine or non-labeled) as described before. At 48h, internal standard (EquiSPLASH, Avanti Polar
Lipids, cat.no. 330731) was added to all cell lines to enable the quantification of lipid species. Lipid
extraction was performed using MeOH/IPA 50:50 (v/v) extraction for 1h at -20°C. Untargeted lipidomics
was performed using liquid chromatography coupled to a Q-Exactive HF mass spectrometer (Thermo,
Massachusetts, United States). For liquid chromatography, a 30mm C18 column (Waters ACQUITY UPLC
BEH C18 column, cat.no. 186002352) with an 7 minutes gradient from 15% buffer B (IPA:ACN (9:1) with
10mM ammonium acetate)/85% buffer A (ACN:H2O (6:4) with 10mM ammonium acetate) was used.
Mass spectra were recorded from 150 to 2000 m/z in positive ionization mode. MS1 and MS2 (DDA,
top 5 ions) spectra were recorded for all samples. Lipidomics data processing for non-labeled samples
was done using Compound Discoverer (Thermo, Massachusetts, United States) and lipid annotated
using MS2 information. Lipids from each class were quantified using compounds from the internal
standard. The unsaturation index reflects a concentration-weighted average lipid unsaturation.
For labeled lipids, the most abundant lipids from each class were selected using non labeled samples.
Using the retention time and formula obtained from the non-labeled measurements, these lipids and
their corresponding isotopologues were extracted from labeled measurements using in-house Matlab
(The Mathworks, Natick) software. Manual integration was performed for each lipid.

Gene dependency and drug response analysis
Gene dependencies were obtained from Tsherniak et al.[33] and the response from Corsello et al. [36].
Student’s t-test was performed to calculate statistical significance.

120

Network-wide metabolic activity of cancer cell lines revealed by metabolomics

Supplementary Material
Supplementary Figures

Supplementary Figure 1. Distribution of metabolites loadings in all pathways. PC1 merged loading scores of all
metabolites from the 49 pathways.
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Supplementary Figure 2. Association between mutations in oncogenes and metabolic types using hierarchical
tree. In red, cell lines with mutated genes, in green not mutated and black no information on this cell line.
Evaluation of A. TP53 all mutations, B TP53 deleterious mutations, C. PIK3CA all mutations, D. CDKN2A all
mutations, E. PTEN all mutations and F. AXN1 all mutations. Mutations data taken from Li et al.
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Supplementary Figure 3. Mass distribution vector (MDV) for A. lactate labelled from [U-13C]glucose with each
cell line represented and for B. (iso)citrate labelled from [U-13C]glutamine with average enrichment per types.
Error bar represents standard deviation.
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Supplementary Figure 4. Uptake secretion rate of glucose compared to lactate. Mean ± standard deviation of
rates estimated over three biological replicates and five time points. Data taken from Ortmayr et al.
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Supplementary Figure 5. Differences in lipid content in each class, with number of lipids per class in title (N= 42,
Student t-test). ns: p > 0.05, *: p <= 0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001
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Supplementary Figure 6. Differential analysis of all A. TAG and B. Ether PC displayed per double bond number
and carbon number. Fold change computed dividing type 1 by type 2.
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Supplementary Figure 7. Difference in unsaturation (concentration-weighted average double per acyl chain)
across types (N= 42, Student t-test) for all remaining lipid class.
ns: p > 0.05, *: p <= 0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001
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Supplementary Figure 8. Fractional labeling from [U-13C] glucose of significant lipids (displayed in fig. 7). Each
lipid was centered to its average fractional value. Cell lines and replicates were ordered by typing.
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Supplementary Figure 9. Differential de novo lipid biosynthesis from [U-13C] glutamine. Bar plot (mean
+/standard deviation) of fractional labeling from [U-13C] glutamine of most abundant lipids per lipid class (N=54,
Student t-test).
ns: p > 0.05, *: p <= 0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001
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Supplementary Figure 10. Differential de novo lipid biosynthesis from [U-13C] glutamine. Bar plot (mean
+/standard deviation) of fractional labeling from [U-13C] glutamine of most abundant lipids per lipid class (N=54,
Student t-test).
ns: p > 0.05, *: p <= 0.05, **: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001
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Conclusions
The main goal of this thesis was to investigate the heterogeneity of cancer metabolism using
metabolism intermediates, metabolites. To do so, we have measured the metabolome of 180 pancancer cell lines. We sought to prove the pertinence of untargeted metabolomics as a tool to discover
metabolic alterations. Our objective was to show that intracellular metabolome changes are
functionally relevant, i.e. that they reveal changes in metabolic fluxes, and thus can identify the
metabolic route used by cancer cells.
For this purpose, we developed a new computational method, as existing methods were not suited or
poorly performed in large datasets. We proved that the method identifies metabolome patterns related
to differences in fluxes. When applied to the cancer dataset, we unraveled a metabolic pathway activity
map, which serves as a blueprint of the functional operation of cancer metabolism. By developing new
computational approaches, we were able to characterize the metabolic reprogramming of cancer,
identify possible drivers of these phenotypes, and propose new metabolic vulnerabilities as possible
cancer therapy. The principal results are summarized below.
Metabolite levels carry information of pathway activity
In chapter 4, we hypothesize that coordinated change of multiple metabolites within a pathway reflects
differences in metabolic fluxes. Indeed, as both entities are biochemically connected, changes in fluxes
kinetics can be captured by metabolite changes. Therefore, we proposed a method that uses metabolic
pathways definition and dimension reduction techniques, principal component analysis (PCA), and nonnegative matrix factorization, to identify in an unsupervised manner changes in multiple metabolites.
Using published data, we evaluated the relationship between these reduced metabolites and the fluxes
of pathways. We showed in 3 datasets that metabolite variation is associated with changes in fluxes,
pathway activity. Moreover, this variation is most often captured by the first principal component.
Interestingly, the metabolite signatures associated with pathway activity were consistent across
different datasets from the same species, E. coli, and across species, S. cerevisiae and E. coli, which we
beleive is likely due to conserved pathway kinetics. Hence, this shows great similarity in enzymes and
enzyme regulations across the different organisms.
Also, we showed in a supervised manner that metabolite levels can predict individual fluxes. We
demonstrated that fluxes in glycolysis and PPP can be accurately predicted using solely metabolite
levels. These results confirmed the central role of one metabolite, namely FBP, in predicting most fluxes
in central carbon metabolism and also highlighted the role of others, like PEP, DHAP, and S7P.
Overall, using published metabolite and flux datasets, we proved that our computational method can
identify differences in pathway activity using metabolomics data. The method using the first principal
component can be applied to metabolomics datasets to infer possible metabolic activity in all metabolic
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pathways. More precisely, for organisms where fluxes are complicated to measure, this quick
estimation of pathway activity renders a global view of the possible metabolic operation.
Revealing functional differences in cancer metabolic operation
Building on the method outlined and tested in chapter 4, we were able to infer pathway activity of the
entire metabolic network for our panel of 180 cancer cell lines. Using our bottom-up method, we have
reduced metabolic complexity by summarizing 530 metabolic ions into 49 pathways which allow for
easier interpretability. We confirmed most differences in activity using 13C labeling experiments where
we observe differences in labeling patterns in most pathways. However, we observe that there was a
discrepancy between the inferred pathway activity and the actual direction of the flux. The inferred
pathway activity, named pathway activity scores, reflected largely higher metabolite levels but did not
always reflect higher fluxes. Indeed, higher metabolite levels in some carbohydrate metabolism
pathways, e.g. levels in pentose phosphate metabolism, reflected lower flux. The same relation was
true for lipids where we thoroughly quantified all lipid species and showed that higher lipid content
was associated with less biosynthesis. On the contrary, the TCA cycle, amino acid, and nucleotides
metabolism levels reflected higher flux. Thus, the inferred pathway activity indeed revealed differences
in pathway operation but directionality needs to be subsequently determined.
To the best of our knowledge, this approach and the one from Dubuis et al.[1] were the only methods
to identify pathway activity in non-predefined groups using metabolites. Even though some limitations
emerge, assessing the metabolic activity on a network-wide scale would have been impossible using
classical tracer-based metabolic flux analysis.
Cancer metabolism: convergence of metabolic phenotype
Coming back to our primary goal, in chapter 5, we could show that cancer metabolism is more
homogeneous than expected. The assembled data suggests a great metabolome similarity, pointing to
a convergence in the metabolic phenotype into two main metabolic types. One type relies on TCA cycle,
amino acid metabolism, and lipid biosynthesis, and the other on few sugar metabolism pathways,
namely the hexosamine pathway, `fructose and mannose metabolism` and pentose phosphate
pathway. These pathways play a great role in these two subtypes as they were significantly more
labeled when grown on

13

C and because they were sensitive to knockout, thus providing cues for

potential therapeutic targets. Interestingly, we did not find an association between the types and the
Warburg effect.
The types were tightly linked to mitochondria metabolism and oxygen metabolism, pointing to
potentially impaired mitochondria in type 1. We found fewer lipids specific to the membrane of the
organelle, thus one type has possibly fewer mitochondria. We found the TCA cycle and amino acid
pathways derived from the TCA were differentially active. Moreover, we found that the most sensitive
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pathway, sensitive to knockouts, was oxidative phosphorylation, corroborating the pathway activity
findings. Thus, even in aerobic conditions, cellular respiration is more crucial in one type compared to
the other. It is noteworthy to mention that the second most dependant pathway was biosynthesis of
unsaturated fatty acids, which main reaction stearoyl-CoA desaturase, requires oxygen. We have shown
that targeting that reaction with a drug resulted in differences in sensitivity.
In summary, these results pointed at main distinct metabolic phenotypes in vitro which have direct
implications for therapeutics targeting metabolism. Obviously, we could not inspect every observed
cancer cell subtypes. However, it is possible that more granularity in metabolic operation exists, and
that more precise vulnerability could be unraveled beyond the two main types. One would need to dive
deeper, for example, into one type to evaluate its metabolic heterogeneity.
A computational method for omics integration reveals drivers of metabolic heterogeneity
In chapter 5, we investigated what could be driving the resulting disparate phenotypes. To this means,
we have developed a computational method to integrate all available traits of the cell lines (histologic,
genetic, regulatory, etc.) to the metabolic phenotype. Compared to previous methods evaluating single
trait with single metabolites, i.e. genome-wide associations [2][3][4], we instead have devised an
approach where single perturbations are associated with global metabolic phenotypes. We tested if
any of the 60 328 traits were associated with the metabolic hierarchical tree, thereby revealing if groups
of cell lines with similar metabolic activity had share molecular characteristics. The integration of these
traits was possible due to the large number of cell lines measured in this thesis.
Our analysis revealed many possible drivers, 856 traits. The most notables, HIF1A, TGF-β, and EMT been
reported to be cross-regulated [5][6][7]. The association with the transcription factor HIF1A confirmed
the differences in oxygen metabolism between the types, coherent with the associated metabolic
pathways. Using microscopy, we confirmed the association with EMT, where one type was more
mesenchymal as its morphology was strikingly different and its expression of the specific intracellular
marker was greater. Apart from HIF1A, these are not the most common regulators of cancer
metabolism. As mentioned in chapter 1, the PI3K-AKT-mTOR network is the most commonly perturbed
signaling, which regulates some metabolic pathways. However, as the metabolic changes associated
and its drivers, HIF1A, TGF-β, and EMT, seem to fit the physiology of each type [8], we presume that
these regulators are more global than what has been commonly studied so far. Interestingly, these
regulators have been known to play a great role in metastasis development in vivo [9], thus, one could
use them to identify the metabolic type of tumors.
To our surprise, we did not find a mutation associated with these broad metabolic changes even though
some oncogenes were differentially expressed.
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Limitations, open questions, and future work
Predicting fluxes from metabolites
In chapter 4, as a means to prove that our computational method successfully identifies changes in
fluxes, we have shown the relationship between metabolites and fluxes in different organisms.
However, we have not clearly proven that one can always predict quantitative fluxes solely based on
metabolite levels. Because there was only a limited number of datasets available with both metabolite
and fluxes measurements, we could not definitively conclude on the validity of our models to predict
flux.
To our surprise, the metabolites associated with fluxes were the same across studies and even
organisms. Generating additional datasets that would cover wide ranges of flux distribution, although
labor-intensive, would further support the prediction models. Though we achieved our own goal, we
believe that if further investigated, the findings of that chapter could be ground-breaking. Overall, this
novel discovery has the potential to alleviate future research as metabolites levels are much easier to
access than fluxes.
More importantly, understanding why some metabolites best predict fluxes can yield great insight into
metabolic regulation. For example, one could integrate kinetic parameters to our results to identify
potential bottlenecks in the network. A recent study has shown that thermodynamic constraints are
sufficient to explain the emergence of flux sensors metabolism [10]. As one of the best predictors of
our model was FBP, a flux sensor glycolysis, we believe that other predicting metabolites could serve
as a flux sensor and could be explained by thermodynamic constraints.
Since metabolite signatures associated with pathway activity were consistent across species, future
work should address if and which regulatory mechanism or kinetic parameters are the cause of these
similarities. For example, one could complement our current results with studies of Bacillus subtilis [11].
Integrating known regulatory and kinetics information from these species with our metabolite
signature could help identity what are the contributors in the flux-metabolite relation.

Inferring pathway activity
We found some limitations in the use of PCA to infer pathway activity. In some instances, PC1 was not
the best predictor of flux, i.e. compared to PC2 and PC3. Moreover, in some other instances, PCA did
not correlate with any flux. The predicting models built for E. coli were not considered to study cancer
as they only work for two pathways and due to the differences between the metabolism of these
organisms. Instead, we focused on the PCA method which worked extremely well in the eukaryotic
dataset. S. cerevisiae’s PC1 was highly correlated with fluxes across most pathways. Thus, we have
assumed that PC1 was the best component for pathway activity imputation. Surprisingly, the same
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method using PC1 was recently proposed for the analysis of transcriptomics, where projecting gene
expression on a pathway space rendered robust data for predictive modeling [12].
With this in mind, when applied to the cancer dataset, we expected that not all pathways which were
imputed as differentially active did indeed carry differential flux. Our validations confirmed that only
some pathways were differentially active. Thus, the main limitation of the method is that inferred
pathway activities can be driven by changes in metabolites considered ‘passive’, not relate to activity.
Future work should be done to assess systematically if the inferred pathway activity is of interest.
Indeed, as we argue in chapter 2, integrating more omics to metabolomics could certainly strengthen
our inference of pathway activity. It has been shown that for constraint-based metabolic modeling,
integrating relative gene expression and metabolite abundance enhanced flux prediction [10]. Thus,
integrating more molecular layers with rule base logic could systematically infer, for example, the right
principal component to use.
Furthermore, we believe that integrating our pathway activity with some constraint-based metabolic
modeling, i.e. flux balance analysis, could improve our inference. For example, flux balance solutions
can help identify the right directionality in the inferred pathway activity. Already complementing our
result with uptake and secretion rates could validate the pathway activity inference of simple anabolic
and catabolic linear pathways.

Studying mitochondrial dysfunction in metabolic types
In chapter 5, a lot of our results pointed to differences in mitochondria metabolism. We conjecture that
these differences in pathway usage, namely TCA cycle and oxidative phosphorylation, could be
explained by dysfunctional mitochondria. Moreover, differential levels of mitochondrial lipids were
observed in the types, substantiating the hypothesis of impaired mitochondria. In this work though, the
goal was not to solely investigate mitochondria. Yet results indicate that further research should be
done on the organelle’s metabolism in these types, for example, by assessing mitochondria count and
further probe its function. By using a cell-permeant dye like tetramethylrhodamine ethyl ester (TMRE),
one could explore the number of active mitochondria [12]. Alternatively, MitoTracker could be used to
probe mitochondrial membrane potential [13]. Combining these results with direct measurements of
oxygen consumption rate, i.e. using a Seahorse [14], one could assess respiration rate and unravel
holistically the mitochondrial state of our types.
Interestingly, preliminary investigation of labeling results reveals some glutamine-dependent reductive
carboxylation for the formation of citrate, highlighting potential defective mitochondria [15]. On the
other hand, it is known that cells use a stringent mechanism to control the quality of mitochondria.
Specialized mitochondrial autophagy pathway, named mitophagy, ensures the selective removal of
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dysfunctional mitochondria. We presume that mitophagy pathways are intricately linked to the
metabolic rewiring of cancer cells to support the high bioenergetic demand of cancers [16]. Thus,
further research in this direction would further complete the current understanding of metabolic
rewiring presented in this thesis.
No genetic drivers of metabolic heterogeneity?
Even though several mutations have been reported to rewire part of the metabolism in cancers
[17][18], we did not identify a gene that drives our metabolic phenotypes. Similar findings have been
observed by Chen et al. [19]. Across cancers cell lines, our results highlighted a convergence in the
regulatory influence towards common metabolic phenotype. By growing these cells in a controlled
environment, we made sure that only intrinsic factors were driving these metabolic phenotypes. Unlike
normal cells, cancer cells reprogram cellular energetics as a result of oncogenic transformations [20].
Thus, we hypothesize that a variety of genetic perturbations result in the same metabolic phenotype.
Further work should be performed on identifying a combination of genetic perturbation that leads to
these convergent metabolic rewiring.
Metabolic drivers or is metabolism regulating cancer?
In chapter 5, when integrating all omics to our metabolic phenotypes, we presumed that identified
associations were possible drivers. However, these associations do not inform on causality. For
instance, we found associations between HIF1A, TGF-β, and EMT and our metabolic types. However,
recent studies have highlighted that all these processes are regulated by a metabolic pathway, in this
case, the hexosamine pathway [21][22]. The end product of the hexosamine pathway is uridine
diphosphate N-acetylglucosamine (UDP-GlcNAc) which is used for N-linked and O-linked glycosylation
and can thus regulate protein function [23][24]. It has been shown that these glycosylation events
control cell signaling (TGF-β) [25], gene regulation (HIF1A) [26], and EMT [27]. As the hexosamine
pathway is differentially active between the types, one can conjecture that it orchestrates these
downstream events, which then alter other pathways activity, i.e. HIF1A activates glycolysis [28] and
inhibits the TCA and fatty acid beta-oxidation [29]. This showcases how a metabolic pathway could
orchestrate broad regulation which in turn intricately regulates metabolic reprogramming. Moreover,
glycosylation is merely one example of ways metabolite can regulate broad cancer phenotypes [30],
from gene expression to protein activity, without forgetting RNA metabolism [31]. Further analysis
would be required to identify the causality of our reported associations and possibly decipher the real
drivers from the downstream target.
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Relevance for therapy targeting metabolism
Finally, we have shown a convergence into common metabolic phenotypes, two in this case. We proved
that the dependencies of each metabolic phenotype to biosynthesis/degradation processes could be
used as shared liabilities. Hence, the few heterogeneities found in our cancer cell line panel could have
a significant impact on the usage of metabolism as a therapeutic target. As demonstrated in chapter 5,
active pathways, particularly the one confirmed using labeling, were sensitive to inhibition. We
identified a large number of essential reactions. In one type, the electron transport chain, unsaturated
fatty acid biosynthesis, histidine metabolism, etc. could be used as liabilities to treat these cancer cells.
For one example in unsaturated fatty acid biosynthesis, we showed that a drug, MK-8245, could be
used as targeted therapy by inhibiting the enzyme stearoyl-CoA desaturase. In the other type,
dependencies on carbon metabolism such as glycolysis and hexosamine pathway could be used as a
target. It has been shown that some enzymes are preferentially used by cancer cells and targeting them
has yielded positive results in some pre-clinical studies [32]. Some examples are glucose transporters,
hexokinases, phosphofructokinases, pyruvate kinase, [32], and more mentioned in chapter 1. However,
glycolysis is not a feature specific to cancer cells, as it is also used by normal cells, making it difficult for
cancer-specific therapy. Besides, our results provide a uniquely holistic view of potential new therapies,
where targeting simultaneously multiple pathways could result in greater vulnerability. Having a
comprehensive view of metabolic operation enables interventions on interdependent pathways, where
one can use metabolic synthetically lethality to specifically only target cancers [33].
Withal, some limitations need to be taken into consideration in this work. As we only studied cancer
models, the identified liabilities could also target normal cells. Further work should assess if some
liabilities are specific to cancer. Moreover, the microenvironment of cancer could greatly impact the
observed metabolic rewiring, thus the liabilities would need to be confirmed in vivo. Finally, identifying
metabolic types is a challenge in vivo. Metabolomics or fluxomics measurements are not easily
achievable in animal models or humans. Identifying a specific and reliable marker of these two types,
i.e. one of the drivers, would alleviate future work especially when working with in vivo models. Overall,
we conclude that targeting metabolic phenotype could yield a much broader success in eliminating
cancer [34].
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