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Abstract 

Metabolism is a hallmark of life and underlies most biological processes in both health and 

disease. For instance, dysregulation of liver metabolism underlies multifactorial disorders such 

as diabetes or obesity. Similarly, cancer progression involves a reprogramming of metabolism to 

support unchecked proliferation, metastatic spread and other facets of the cancer phenotype. 

Hence, the study of metabolism is of great biomedical interest. 

The metabolic phenotype emerges from the complex interactions of metabolites, enzymes, and 

the signaling cascades regulating their expression and thus must be studied following a holistic 

approach.  With this aim, Systems Biology formulates the interactions between the molecular 

components of metabolism as a set of mathematical expressions, termed metabolic models, and 

uses them as a framework to integrate multiple layers of data (e.g., transcriptomics, proteomics 

and metabolomics) and simulate the emergent metabolic phenotype.  The Systems Biology 

toolbox for the analysis of metabolism consists of several complementary model-based 

approaches, each with its strengths and limitations. For instance, constraint-based modeling can 

predict flux distributions at a genome-scale, whereas kinetic modeling and 13C metabolic flux 

analysis (13C MFA) can more accurately model central carbon metabolism.  

As part of this Ph.D. thesis, we have expanded this toolbox through the development of new 

model-based approaches for computing both detailed metabolic maps of central carbon 

metabolism and genome-scale flux maps. With this aim, we developed HepatoDyn, a highly 

detailed kinetic model of hepatocyte metabolism capable of dynamic 13C MFA and used it to 

characterize the negative effects of fructose in hepatic metabolic function. Similarly, we also 

developed Iso2Flux, a novel steady-state 13C MFA software, and parsimonious 13C MFA, a new 

13C MFA algorithm that can integrate transcriptomics to trace flux through large metabolic 

networks. Even more, we developed r2MTA a constraint-based modeling algorithm to robustly 

identify the optimal interventions to induce a transition towards a therapeutically desirable 

metabolic state.  Finally, we also developed a workflow for integrating transcriptomics, 

metabolomics, gene dependencies, and 13C MFA to predict genome-scale flux maps. 

Furthermore, we apply the systems biology toolbox, using both newly developed and existing 

tools, to the genome-scale analysis of the molecular drivers underlying cancer stem cells and 

metastasis in prostate and colorectal cancer, respectively. We identify putative therapeutic 

interventions against both phenotypes paving the way for a new generation of anticancer drugs.  
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1. Introduction 

1.1. Metabolism: a hallmark of life 

Life is characterized by the capacity for growing, reproducing and responding to stimuli which 

contribute to maintaining living organisms in an ordered state and away from equilibrium. 

Hence, life must be coupled with a set of processes that dissipate energy to the environment. 

For metazoan, and for any non-photosynthetic or chemosynthetic organisms, life is coupled with 

the breakdown of complex molecules from the extracellular environment into simpler molecules 

with lower chemical potential energy. Furthermore, growth and reproduction require taking 

molecules from the extracellular environment and transforming them, in an ordered and 

coordinated manner, into the different macromolecular structures that form cells, the basic 

units of life1.  Therefore, underlying life there is the metabolism, a large network of 

interconnected chemical reactions and processes occurring in a highly ordered, regulated and 

coordinated manner.  

The metabolic phenotype of a given organism is defined by both metabolite concentrations and 

metabolic fluxes. Metabolites are small organic molecules that are the bulk of the reactants in 

metabolism, whereas metabolic fluxes are the rates at which substrates are converted into 

products in chemical reactions or transported across a cellular membrane. Metabolite 

concentrations offer a static snap-shot like view, whereas metabolic fluxes provide a dynamic 

view of metabolism2 

To study metabolism, metabolic reactions are often grouped into metabolic pathways. 

Metabolic pathways are sets of interconnected reactions that fulfill a given role. Furthermore, 

metabolic pathways can be generally classified as anabolic or catabolic3.  

Catabolic pathways are pathways that break down complex molecules from the media or cellular 

storage and store their released energy in high energy phosphate bonds of phosphate 

nucleotides, mainly by phosphorylating adenosine diphosphate (ADP) into adenosine 

triphosphate (ATP). Catabolic pathways can also be a source of reductive power as many 

reactions are coupled with the oxidation of nicotinamide adenine dinucleotides (NAD and NADP) 

and flavin adenine dinucleotide (FAD), which can then act as electron donorsa.  

 

a Through this work the terms NADH, NAPDH and FADH will be used to refer to the reduced from of the 
electron carriers. Conversely, NAD, NADP and FAD will be used to refer to their oxidized forms.  
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Conversely, anabolic pathways are pathways that use metabolic energy (ATP) and reductive 

power (mainly NADPH) generated by catabolic pathways to synthesize biomass building blocks 

(e.g., amino acids, lipids and nucleotides) and assemble them into macromolecules (e.g., 

proteins, DNA and RNA) and cellular supra-molecular structures (e.g., membranes).  

1.2. The principles of metabolic regulation 

In order to maintain metabolic homeostasis (i.e., maintain relatively constant composition) and 

adapt to a diverse external environment, both metabolite concentrations and metabolic fluxes 

must be tightly regulated4. In this regard, enzymes and the interactions of metabolites with 

enzymes, are the primary level of metabolic regulation.  

Enzymes, usually proteins or protein complexesa, act as catalysts that facilitate reactions by 

lowering their activation energy. Enzymes achieve this by binding substrates to an active site, a 

tridimensional structure with amino acid residues which stabilize the transient state of the 

reaction. Enzyme-mediated catalysis is highly effective, it can increase reactions rate more than 

twelve orders of magnitude, and as such most metabolic reactions only occur at non-negligible 

rates through the catalytic activity of the appropriate enzymes. Thus, most metabolic reactions 

are enzyme-catalyzed reactions3.  

Metabolic regulation can be analyzed at two levels, at the molecular level to understand how 

molecules (i.e., metabolites and enzymes) influence the rate through individual reactions and at 

the systemic level, to study the metabolic phenotype (i.e., metabolite concentrations and 

reaction fluxes) that emerges from the interactions of the individual molecular regulatory 

components.  

1.2.1. Molecular regulation of metabolism  

In enzyme-catalyzed reactions one or more substrates bind to the enzyme’s active site forming 

the enzyme-substrate complex, then the substrate(s) react to the product(s) of the reaction 

which are then released freeing the active site to further catalytic cycles. Hence, the rate through 

an enzyme-catalyzed reaction primarily depends on the concentrations of metabolites, the 

amount of enzyme and the kinetic properties of such enzyme. The Kinetic properties of an 

enzyme determine the affinity of substrates for the active site and the number of catalytic cycles 

that the enzyme can undergo per unit of time (i.e., the turnover number). Such properties can 

 

a Exceptionally enzymes can also be RNA molecules termed riboenzymes 
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be modulated through the binding of specific metabolites (activators and inhibitors) and by 

posttranslational modifications of the enzyme5.  

1.2.1.1. Modulation of enzyme-catalyzed reactions by metabolite concentrations 

In short time scales, the rate through enzyme-catalyzed reaction is primarily modulated through 

metabolite concentrations. In the framework of metabolic control analysis (MCA), the sensitivity 

of the rate through an enzyme-catalyzed reaction to the concentration of a metabolite is defined 

as its elasticity coefficienta. Elasticity coefficients depend on the concentration of the metabolite 

of interest, the concentration of any other metabolites participating or regulating the reaction 

and the kinetic properties of the enzyme4,6.  

Substrates are the primary modulator of the rate through enzyme-catalyzed reactions which 

generallyb have positive elasticity coefficients to them (i.e., increasing the concentration of 

substrates tends to increase reaction rates). However, enzyme-catalyzed reactions can 

asymptotically approach saturation at high substrate concentrations. Saturation describes a 

state when all enzyme active sites are occupied by the substrates, and any further increase of 

substrate concentrations will not have any effect on the reaction rate. By approaching saturating 

concentrations, the elasticity of a reaction rate to the concentration of the substrate decrease 

towards zero5.  

Additionally, the rate of an enzyme-catalyzed reaction can be modulated by inhibitors or 

activators. Inhibitors can bind reversibly to the enzyme active site and form unreactive abortive 

complexes. This type of inhibition can be competitive, if the inhibitor competes with the 

substrate for binding at the active site, uncompetitive if the inhibitor binds only to the enzyme-

substrate complex, and mixed if the inhibitor binds to both. Furthermore, metabolites can also 

bind to modulatory sites that trigger changes in the enzyme conformation resulting in either 

increased (activators) or decreased (inhibitors) affinity for substrates or turnover number; this 

is termed allosteric regulation. Inhibitors (allosteric or non-allosteric) have negative elasticity 

coefficients, whereas activators have positive elasticity coefficients. 

Moreover, for every reaction, the rate of the forward reaction coexists with the rate of the 

reverse reactionc. Hence, for enzyme-catalyzed reactions both the reverse and forward reaction 

 

a The elasticity coefficient for the effect of metabolite S on the rate of the enzyme-catalyzed reaction R 
(𝜀𝑆
𝑅)  is formally defined as the fractional change in rate of the isolated enzyme for a fractional change in 

the concentration of metabolite S.   
bAn exception is enzymes with substrate inhibition where the elasticity can be negative. 
c Chemical equilibrium is reached when the rate through the forward and reverse reaction are equalized.  
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compete for the enzyme active site and substrates of the forward reaction will act as inhibitors 

(negative elasticity) of the reverse reaction whereas products will act as inhibitors of the forward 

reaction. However, for reactions that in the physiological range of concentrations are far from 

chemical equilibrium, the reverse rate can often be considered negligible. Those reactions are 

usually referred to as irreversible.  

Finally, enzymes which are organized as multiple subunits (each one with its active site) may 

display cooperativity. Cooperativity occurs when the binding of substrate to the active site at 

one of the subunits trigger changes in the conformation of the remaining subunits which result 

in increased (positive cooperativity) or decreased (negative cooperativity) affinity for the 

substrate(s).  

1.2.1.2. Modulation of enzyme-catalyzed reactions at the gene expression and posttranslational 

level  

Gene expression defines the process through which genes are expressed into functional 

proteins. In eukaryotes, gene expression is primarily regulated at the level of transcription 

through transcription factors, proteins which bind to specific DNA sequences upstream or 

downstream of the target gene and modulate its transcription by facilitating or inhibiting the 

recruitment of the transcription machinery and modulating chromatin packaging of DNA. 

Processing of the resulting transcripts by splicing machinery can result in the inclusion/exclusion 

of multiple combinations of exons (i.e., coding regions of the transcript). The processed 

transcript is then translated into proteins, folded into functional conformation and directed to 

their targeted cellular compartment. Eventually, proteins are degraded by a proteolytic 

enzymatic complex known as the proteasome, which can result in different proteins having 

varying half-lives3.  

Regulation of the gene expression of enzymes plays a crucial role in modulating the rate through 

enzyme-catalyzed reactions. Indeed, at a constant concentration of substrates and 

activators/inhibitors, the rate through an enzyme-catalyzed reaction is generally assumed to be 

directly proportional to the enzyme’s concentration. Hence, gene expression can regulate the 

rate through an enzyme-catalyzed reaction by modulating the concentration of the enzyme. 

Additionally, for any given reaction, there can be multiple enzymes with different kinetic 

properties (e.g., substrate affinity or turnover number) capable of catalyzing it. Such enzymes 

are termed isoenzymes and can arise either from different genes or alternative splicing of 

transcripts from a single gene.  Changes in transcription, splicing and translation usually require 
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fairly long times to take effect (hours and even days) and hence they are generally used for long 

term regulation of enzyme-catalyzed reactions4.  

On intermediate time scales, enzyme-catalyzed reactions can also be regulated by 

posttranslational modifications (e.g., phosphorylation, acetylation, glycosylation, hydroxylation, 

and ubiquitination) of enzymes. These modifications can have a wide range of effects. For 

instance, ubiquitination of an enzyme can rapidly reduce its concentrations by triggering their 

proteasome-mediated degradation. They can also modulate the availability of an enzyme in a 

given compartment by regulating its cellular localization. Finally, they can induce shifts between 

multiple conformation states of the enzyme where each state can have different affinity, 

turnover number or degree of cooperativity7.  

1.2.1.3. Carrier-mediated transport processes 

Cellular membranes are generally impermeable to polar molecules including most of the 

metabolites. Therefore, metabolites are usually transported across membranes through 

transmembrane proteins termed carriers or transporters. The binding of metabolites to specific 

sites of the carrier on either side of the lipid bilayer triggers a conformational change that 

transports metabolites across the membrane. As such, carriers share many properties with 

enzyme-catalyzed reactions (e.g., carriers have metabolite affinities and turnover numbers akin 

to enzyme’s kinetic properties, can become saturated, can be subject to inhibition or activation 

both by metabolites or posttranslational modifications). Therefore carrier-mediated transport 

processes are generally regulated by the same molecular mechanisms as enzyme-catalyzed 

reactions8.   

1.2.2. System-wide regulation of metabolism 

Enzyme-catalyzed reactions and transport processes do not exist in isolation. Instead, they are 

part of a vast network of interconnected reactions where each metabolite can react or regulate 

(i.e., activate or inhibit) one or more reactions. Potentially, this allows molecular perturbations 

(e.g., variations in extracellular metabolite concentrations and enzyme amounts) to propagate 

across the system and have system-wide effects. Hence, metabolic fluxes, metabolite 

concentrations, and their dynamics emerge from the collective interaction between the 

molecular regulation mechanism of specific enzymes. Likewise, the capacity to maintain 

homeostasis and switch metabolic phenotype in response to stimuli also emerge only at the 

system level. 
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1.2.2.1. Metabolic steady-state and short term-homeostasis 

Metabolic perturbations are primarily propagated through changes in metabolite 

concentrations. An increase in the concentration of any given metabolite will always lead to at 

least two complementary effects, thermodynamic inhibition of reactions producing such 

metabolite (i.e., reactions producing it move closer to thermodynamic equilibrium) and 

increased flux through reactions consuming such metabolite. Hence, accumulation of any given 

metabolite will simultaneously inhibit the flux through reactions that produce it while increasing 

the flux through reactions that consume it. Likewise, depletion of any given metabolite will have 

the opposite effect and result in increased flux through reactions producing it and decreased 

flux through reactions consuming it. Thus, metabolic systems tend to evolve towards a state 

where inputs and output fluxes are balanced for each metabolite, and both metabolite 

concentrations and reaction fluxes remain constant or quasi-constant in time. This is termed the 

metabolic steady state. 

However, some metabolic steady states can potentially be incompatible with life. Firstly, 

enzymes approaching saturating concentration of reactants lose the capacity to increase their 

flux in response to increased concentrations of substrates. Furthermore, for reactions that are 

highly favorable thermodynamically, product inhibition might not become relevant until large 

metabolite concentrations of products are reached. This could hypothetically lead to metabolite 

accumulations high enough to cause osmotic rupture or toxicity in the cell.  

Fortunately, this is rarely the case as living organisms have evolved towards having a 

complement of enzymes with kinetic properties that tend to facilitate metabolic homeostasis 

and prevent toxic metabolite accumulations. Firstly, most enzymes tend to have affinities such 

as that saturation is not generally reached for physiological concentrations ranges and hence 

can respond to increased concentration of substrates. Secondly, many enzymes have substrate 

cooperativity and consequently have enhanced response to small variations in metabolite 

concentrations compared to non-cooperative enzymesa. Additionally, a significant number of 

enzymes and pathways are regulated by negative feedback loops (Figure 1). Under this 

regulatory loop, reactions are inhibited by either one or more of their direct products 

a Non-cooperative enzymes have maximum elasticity when substrate concentration tends towards zero 
while enzymes with positive cooperativity achieve maximum elasticity at a positive non-zero 
concentration. At a range around such concentration, they have an enhanced capacity to respond to 
changes in substrate concentration compared to a non-cooperative enzyme. 

. 
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(reinforcing thermodynamic inhibition) or by one or more of the end products of the pathway. 

Negative feedback inhibition contributes to preventing metabolite accumulation and improves 

homeostasis by allowing fluxes through pathways to be determined by the metabolic demand 

of their products rather than by the availability of substrates. Similarly, some enzymes are 

allosterically activated by metabolites upstream in the pathway and this can also contribute to 

preventing the accumulation of intermediates of the pathway4,6. 

𝑀𝑠𝑜𝑢𝑟𝑐𝑒  
  𝑅1  
→    𝑀1  

  𝑅2  
→  𝑀2

  𝐷𝑒𝑚𝑎𝑛𝑑 
→ 

Figure 1. Example of a negative feedback loop. Msource , M1 and M2 are metabolites and R1 and 
R2 are enzyme-catalyzed reactions. Accumulation of M2 inhibits R1 Under this regulatory loop, 
the flux through the pathway (R1 and R2) will be regulated by the demand of its end product 
(M2) 

1.2.2.2. Metabolic reprogramming 

On the medium and long time scales, metabolic homeostasis is also maintained through changes 

in enzyme abundance and posttranslational modifications of enzymes as the result of complex 

signaling cascades. The process is often termed metabolic reprogramming and can significantly 

alter the metabolic phenotype of the system of study. For instance, the insulin and glucagon 

signaling cascades contribute to maintaining glucose and energy homeostasis at an organism 

level by modulating the activity of a large number of enzymes of central carbon metabolism9. 

Metabolic reprogramming often goes beyond mere metabolic homeostasis. For instance, 

metabolic reprogramming underlies the switch from quiescent to proliferative state in both 

health and disease10,11. 

It was initially thought that each pathway had a rate-limiting enzyme, whose activity fully 

determined the flux through the pathway, and hence metabolic reprogramming could be 

achieved by modulating this single step. However, it is now accepted that control over 

concentration and fluxes is distributed across several enzymes in the metabolic network. In the 

framework of MCA, control over the flux of a pathway is evaluated through flux control 
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coefficientsa. The flux control map of a network emerges from the network topology (i.e., 

stoichiometry and activation/inhibition loops), thermodynamics and the kinetic properties and 

concentration of enzymes4,6,12.  

1.3. Signaling pathways and transcription factors modulating metabolism 

With metabolic control distributed among enzymes in a pathway(s), coordinately modulating 

the activity of multiple enzymes (i.e., multisite modulation) is generally the most efficient way 

to change flux distributions. Additionally, multisite modulation also results in less variation in 

metabolite concentrationsb4,13.  

Accordingly, the changes in expression and posttranslational modifications of enzymes in 

response to external or internal stimuli are coordinated by a complex and highly interconnected 

network of signaling pathways (e.g., PI3K-AKT-mTOR, RAS-MAPK and cAMP-PKA pathways) and 

transcriptions factors (e.g., FOXO, MYC and SREBP). As metabolism underlies many cellular 

functions, most of such pathways regulate key cellular processes such as growth and 

proliferation or adaptation to cellular stresses.  An overview of some of the signaling pathways 

and transcription factors regulating metabolism is provided in the following subsections.  

1.3.1. PI3K-AKT-mTOR pathway  

The PI3K-AKT-mTOR is a signaling pathway that regulates a wide array of cellular functions 

including cell proliferation, survival, motility, and metabolism. The PI3K-AKT-mTOR pathway is 

primarily activated by the binding of signaling peptides (e.g., insulin, insulin-like growth factor 

or epidermal growth factor), to specific tyrosine kinase receptors which, trigger the recruitment 

of phosphoinositide-3-kinase (PI3K) to the plasma membrane. PI3K catalyzes the 

phosphorylation of the phospholipid phosphatidylinositol 4,5 bisphosphate (PIP2) to form 

3,4,5-trisphosphate (PIP3). Conversely, phosphatase and tensin homolog (PTEN) catalyzes the 

conversion to of PIP3 to PIP2 and contributes to preventing over-activation of the pathway.  In 

turn, PIP3 promotes the activation of the AKT kinase which phosphorylates a wide array of 

proteins such as tuberous sclerosis protein (TSC)2 or Glycogen synthase kinase 3β (GSK3β)14,15.  

 

a The flux control coefficient of enzyme E on reaction R (𝐶𝐸
𝑅) is formally defined as the fractional change 

in the steady-state flux through of reaction R for a fractional change in the activity of enzyme E. Flux 
control coefficients are connected to elasticities through the connectivity theorem.  
 
b Indeed, following the Universal Method, it is theoretically possible to modulate the flux of given pathway 
with no effect on metabolite concentrations by multisite modulation of the all activities of all the enzymes 
involved. To apply the universal method in a linear pathway, all enzyme activities should be increased 
equally. If the pathway has ramifications, increases of enzyme activities upstream of such ramifications 
will depend on the relative flux through each ramification.  
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The TSC1-TSC2 dimer constitutively inhibits the mammalian target of rapamycin complex 

(mTORC)1 and AKT phosphorylation of TSC2 releases such inhibition16. Additionally, the mTORC1 

is regulated by nutrient availability as it is activated by leucine, arginine, glutamine, and α-

ketoglutarate17.  mTORC1 activity promotes protein synthesis by phosphorylating proteins 

regulating the translation of RNA such as eukaryotic translation initiation factor 4E binding 

proteins (4EBPs)18 and ribosomal S6 kinases (S6Ks)19 as well as promoting ribosome biogenesis20. 

Moreover, mTORC1 activity selectively enhances the translation of transcripts with certain 5’ 

untranslated regions, including components of the translation machinery and genes promoting 

cell survival and proliferation such as the MYC protooncogene21–23.   

By modulating the activity of several downstream transcription factors (e.g., MYC, HIF, ATF4, 

FOXO, and SREBP), the PI3K-AKT-mTORC1 pathway can promote the expression of amino acid 

and glucose transporters, glycolytic enzymes, and enzymes involved in amino acid, lipid and 

nucleotide biosynthesis22,24–31. Furthermore, mTORC1 also promotes oxidative metabolism by 

inducing mitochondrial biogenesis through the upregulation of the transcription and translation 

of nuclear-encoded mitochondrial related genes32–34. Even more, it can also enhance glycolysis 

and glycogen and nucleotide synthesis by modulating posttranslational modifications of key 

activities in such pathways34–36. Hence, the PI3K-AKT-mTORC1 pathway, in response to both 

nutrient availability and mitogenic/pro-anabolic signaling, coordinately upregulates both 

biosynthetic pathways and the catabolic pathways (i.e., glycolysis and oxidative metabolism) 

needed to support them30,37.  

 In addition to mTORc1, there is a second mTORC complex, mTORC2a. This complex can be 

activated both by direct PIP3 interaction38 and by AKT mediated phosphorylation39. Interestingly, 

mTORC2 activity also can enhance AKT activity creating a potential positive feedback loop of 

PI3K-AKT-mTOR signaling40. Little is known of mTORC2 functions; however, it might be involved 

in promoting cell migration, cell cycle progression, and ribosome biogenesis41,42.  

1.3.2. RAS-MAPK pathway 

In addition to the PI3K-AKT-mTOR pathway, the RAS and mitogen-activated protein kinase 

(MAPK) pathway also plays a key role in the regulation of many facets of the cellular phenotype. 

In this pathway, binding of growth factors to tyrosine kinase receptors or G-protein-coupled 

receptors activates RAS, which triggers a set of successive kinase activations leading to the 

 

a Despite the name and unlike mTORC1, mTORC2 is not targeted by rapamycin  
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MAPKs. MAPKs phosphorylate a wide variety of effectors, including transcription factors, and 

promote proliferation survival and migration43,44.  

Additionally, the RAS-MAPK pathway can promote the activation of the PI3K-AKT-mTOR 

pathway by activating PI3K45, repressing PTEN expression46, inhibiting TSC247 or phosphorylating 

the mTORC1 complex. Furthermore, both pathways share common targets and display cross 

inhibition to prevent excessive mitogenic signaling48–50.  

The RAS-MAPK pathway can optimize metabolism for growth and proliferation both by 

activating the PI3K-AKT-mTOR pathway and by posttranslationally upregulating the 

transcription factors MYC 51 and HIFα52–54. However, in a context-specific manner, the pathway 

can also promote gluconeogenesis and fatty acid oxidation55.  

1.3.3. cAMP-PKA signaling  

Cyclic AMP (cAMP) is a signaling molecule synthesized from ATP through adenylate cyclase. 

cAMP levels increase in response to the activation of adenylate cyclase by G-protein coupled 

receptors such as glucagon or beta-adrenergic receptors56. Conversely, cAMP signaling is 

inhibited by phosphodiesterases, which catalyze its degradation. Indeed, insulin signaling has 

been found to antagonize cAMP-mediated signaling by enhancing phosphodiesterase 

activities57. The primary effector of cAMP is cAMP‑dependent protein kinase A (PKA) a 

promiscuous kinase with a large number of potential substrates58.  

At the metabolic level, cAMP-PKA signaling promotes glycolysis and glycogenolysis and inhibits 

lipogenesis and gluconeogenesis. This is achieved through a combination of posttranslational 

modifications of enzymes of glucose and glycogen metabolism59–63 and by modulating 

transcription factors regulating the expression of enzymes associated to glycolysis, 

gluconeogenesis and lipogenesis (e.g., FOXO, CREB, and SREBP)64–67.  

Furthermore, PKA signaling is also involved in the regulation of MAPK signaling by 

phosphorylating components of the kinase cascade68,69.  

1.3.4. Sterol regulatory element-binding proteins (SREBP) 

Sterol regulatory element-binding proteins (SREBP-1c, SREBP-1a, and SREBP-2) induce the 

expression of several genes involved in lipogenesis. The different SREBP family members have 

distinct specificity with SREBP-1c preferentially activating genes involved in fatty acid and 

triacylglycerol synthesis, SREBP-2 preferentially activating genes involved in cholesterol 

synthesis and SREBP-1a activating both sets of genes strongly70. Physiologically SREBP-1c is 
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found in lipogenic organs such as liver, SREBP-1a is found in rapidly proliferating such as cancer 

cells and SREBP-2 is ubiquitously expressed64,71.  

SREBP-1a, SREBP-1c, and SREBP-2 are translated as transmembrane proteins bound to the 

endoplasmic reticulum (ER). In this regard, they are activated by their translocation to the Golgi 

apparatus, which is inhibited by high levels of cholesterol in the ER, followed by two proteolytic 

processes, which release the N-terminal transcription activation domain72.  

The PI3K-AKT-mTOR pathway promotes SREBP transcription and its posttranslational 

activation24,29. Conversely, cAMP signaling though PKA reduces SREBP transcription and 

activation64,65.   

1.3.5. Forkhead box class O (FOXO) 

The Forkhead box class O (FOXO) is a family of transcription factors that modulate the expression 

of genes involved in apoptosis, cell cycle arrest, oxidative response, as well as gluconeogenetic 

enzymes73,74. FOXOs proteins are primarily regulated through posttranslational modifications, 

such as AKT-mediated phosphorylation, which causes FOXO to be sequestered in the cytosol and 

subsequently degraded25. Conversely, PKA-mediated phosphorylation can enhance FOXO 

protein stability and nuclear localization67. Furthermore, FOXO proteins can also be activated by 

AMPK in response to low ATP levels75 and by acetylation/deacetylation in response to oxidative 

stress76,77. Hence it is a transcription factor that contributes to protecting cells from oxidative 

and energy stress and maintaining a quiescent state under lack of mitogenic signaling.  

1.3.6. Activating transcription factor 4(ATF4)  

ATF4 is a transcription factor that promotes both amino acid homeostasis and adaptation to 

metabolic stress. In this regard, ATF4 translation is activated by stress conditions such as amino 

acid deprivation, hypoxia or the accumulation of misfolded proteins in the endoplasmic 

reticulum78. Additionally, mTORC1 activates ATF4 by enhancing its mRNA stability and its 

translation30. Similarly, AKT activity has also been reported to enhance its transcription31, 

translation28 and activity27.  

ATF4 regulates amino acid availability by activating the transcription of genes involved in carrier-

mediated uptake of amino acids, amino acid synthesis and folate metabolism30,79–81. 

Furthermore, elevated ATF4 activity can also lead to autophagy82, further increasing amino acid 

availability.  
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1.3.7. MYC 

MYC is a transcription factor that regulates a wide array of cellular function and controls the 

transcription of a large number of genes. Indeed, while MYC appears to preferentially promote 

the transcription of specific genes, it has the potential to bind to the promoter or enhancer 

region of any gene being actively transcribed when present in large concentrations83. While the 

set of genes regulated by MYC can be context-specific, it generally encompasses genes that 

promote and support growth and proliferation such as genes associated with the gene 

expression machinery (e.g., genes involved in RNA transcription stability and genes that promote 

ribosome biogenesis and protein synthesis), mitochondria biogenesis and cell cycle progression 

84,85. Furthermore, to support rapid proliferation, MYC also upregulates many metabolic 

pathways such as glycolysis, nucleotide metabolism, folate metabolism, and 

glutaminolysis10,22,86.  

MYC activity is heavily regulated at the transcriptional, translational and posttranslational levels. 

For instance, MYC transcription is promoted by growth-promoting signaling pathways such as 

WNT, Notch JAK and STAT384. Moreover, MTORC1 signaling enhances the translation of MYC 

RNA21,22. Finally, at the posttranslational level, MYC stability is regulated through 

phosphorylation at different sites. Briefly, phosphorylation by MAPK or cyclin-dependent 

kinases (CDK) enhances its stability whereas phosphorylation by GSK3β primes MYC for 

degradation51.  

1.3.8. Hypoxia-inducible factors (HIFs) 

Hypoxia-inducible factors (HIFs) are a family of heterodimeric transcription factors that mediate 

the adaptation to hypoxia. For instance, they upregulate genes that promote glycolysis coupled 

to lactate production such as glucose and lactate transporters, glycolytic enzymes, and pyruvate 

dehydrogenase kinase 187,88.  

The HIF heterodimer is mainly regulated through the HIF-α subunit and the posttranslational 

level. HIFα is hydroxylated on proline residues by prolyl hydroxylase enzymes (PHDs) and 

subsequently ubiquitinated, leading to proteasome-mediated degradation89. PHDs activity 

requires O2 and α-ketoglutarate, substrates of the reaction, and is inhibited by succinate, 

product of the PHD reaction, and by fumarate90. Hence, in low O2 concentrations, which are 

associated with the accumulation of succinate91, HIFα is stabilized, forms a functional HIF 

heterodimer and triggers a metabolic switch towards anaerobic glycolysis.  

Nevertheless, HIF is also regulated by other mechanisms. For instance, mTORC1 promotes both 

HIF-α transcription and translation92. Furthermore, it is also regulated through 
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phosphorylation93. For example, GSK3β phosphorylation reduces HIF-α stability in a PHD 

independent manner26,94. Likewise, MAPKs mediated phosphorylations have been reported to 

enhance HIFα’s nuclear localization54, activity52, and stability53.  

1.3.9. Carbohydrate-response element-binding protein (ChREBP) 

Carbohydrate-response element-binding protein (ChREBP) is a transcription factor activated by 

metabolites which mainly increase in response to glucose or fructose uptake, such as glucose-6-

phosphate, xylulose-5-phosphate or fructose-2,6-bisphosphate. Conversely, it is suppressed by 

metabolites that might increase during fasting (e.g., AMP and ketone bodies) and by cAMP 

signaling (PKA- mediated inhibition). ChREBP induces the expression of glycolytic, lipogenic and 

pentose phosphate enzymes. ChREBP is mainly expressed in liver, adipose tissue and small 

intestine66,95,96.  

1.3.10. P53  

P53, termed the guardian of the genome, is a protein that under cellular stress, primarily DNA 

damage, induces cell-cycle arrest, enhances DNA repair and, should the stress persist, 

apoptosis97,98. P53 action is mainly associated with its transcription factor activity, but it can also 

modulate stress response through other mechanisms such as P53-protein interactions99,100. It is 

primarily regulated at the posttranslational level through phosphorylation and other 

modifications which enhance its stability and affinity for DNA in response to cellular stress97,101.   

P53 activity negatively regulates the PI3K-AKT-MTOR signaling pathway at multiple levels. For 

instance, it enhances PTEN expression, inhibits mTOR and S6K, promotes dephosphorylation of 

4EBPs and activates the transcription of FOXO102. Such regulation is part of a negative feedback 

loop as P53 translation and stability is enhanced by PI3K-AKT-mTOR signaling103. At the 

metabolic level, P53 inhibits both glycolysis and the pentose phosphate pathway104.   

1.4. Hepatocytes: the master regulators of metabolism 

In mammals, the capacity to maintain metabolic homeostasis without a constant input of 

nutrients from the environment emerges from the interaction between multiple organs and 

tissues, chief among them the liver. Histologically, the liver is primarily comprised of 

hepatocytes, which account for roughly 80% of total liver volume9. 

Hepatocytes are organized in hexagonal lobes with a liver arteriole at the center and a triad of 

bile ducts, hepatic arteriole, and a branch of the portal vein at each lobe corner. Indeed, unlike 

other organs and tissues, which receive most of the blood from arteries and arterioles, most of 

the blood supply of the hepatocytes comes from the portal vein, which collects the blood from 
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the intestine. Hence, in the feed state, blood rich in nutrients absorbed from the intestine flows 

through hepatocytes. In such state, hepatocytes metabolize glucose and other substrates into 

glycogen (a polysaccharide of glucose).  

During fasting, hepatocytes metabolism is reprogrammed to release glucose and help maintain 

homeostasis of glucose in the blood. This is achieved by breaking down the stored glycogen and 

by activating gluconeogenesis (i.e., the synthesis of glucose from amino acids and other 

substrates like lactate). Furthermore, fatty acid oxidation is enhanced, allowing both to produce 

the ATP and reductive potential needed for gluconeogenesis and the acetyl-CoA needed for the 

synthesis of ketone bodies. Ketone bodies are used as substrates by organs that cannot 

metabolize lipids such as the brain where the uptake of lipids is blocked by the 

hematoencephalic barrier9. 

Due to their paramount importance to metabolic homeostasis, the metabolism of hepatocytes 

is tightly regulated both by nutrient availability and hormone-mediated signaling cascades. The 

main hormones regulating hepatocyte metabolism are insulin and glucagona. Although the 

pancreas secretes both hormones, they have opposite effects. Insulin activates the PI3K-AKT-

mTORC1 pathway and conditions hepatocytes metabolism for the fed state, whereas glucagon 

acts through the cAMP-PKA pathway and conditions hepatocytes for the fasting state.  

1.4.1. Regulation of hepatic glycolysis and gluconeogenesis in short time scales 

Glucose metabolism in hepatocytes is characterized by its capacity to switch between glycolysis 

and glycogenesis, and gluconeogenesis and glycogenolysis in response to both glucose 

availability and the balance between insulin and glucagon signaling. In short time scales, this 

plasticity emerges both from liver-specific isoforms with substrate affinities and regulatory loops 

that allow them to act as sensors of nutrient availability and from posttranslational 

modifications induced by insulin and glucagon signaling (Figure 2).  

1.4.1.1. Glut2 and glucokinase  

GLUT2 and glucokinase (GK) are the facilitated glucose transporter and the hexokinase 

isoenzyme expressed in the liver, respectively. They are both characterized by low affinities for 

glucose and, hence, the rate through this reaction is highly dependent on glucose concentration, 

allowing them to act as sensors of glucose levels in the blood105,106.  

a To a lesser extent, liver metabolism is also regulated by adrenaline, noradrenaline and cortisol. 
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Additionally, GK is inhibited by the binding of the GK regulatory protein (GKRP). Such inhibition 

is released by high glucose concentrations, further enhancing the sensitivity of GK to glucose 

availability. Additionally, the interaction between GK and GKRP is facilitated by fructose 6-

phosphate, which effectively acts as an indirect inhibitor of GK. Such inhibition facilitates the 

release of glucose when fructose 6-phosphate accumulates as a result of glycogenolysis or 

gluconeogenesis63,107,108. 
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Figure 2 (previous page). Regulation of liver metabolism in short and medium time scales. Energy 
and redox cofactors have been omitted for simplicity. 2PG: 2-Phosphoglycerate. 3PG: 3-
Phosphoglycerate. AcCoA: Acetyl-CoA. aKG: α-Ketoglutarate. Ala: alanine. bPG13: 1,3-
Bisphosphoglycerate. Cit: Citrate. DhaP: Dihydroxyacetone phosphate. Fru: Fructose, Fru1P: 
Fructose 1-phosphate. Fru16bP: Fructose 1,6-bisphosphate. Fru6P: Fructose 6-phosphate. Fum: 
Fumarate. G3P: glyceraldehyde 3-phosphate Ga: Glyceraldehyde. GaP: Glyceraldehyde-3-
Phosphate. Glc: Glucose. Glc1P: Glucose 1-phosphate. Glc6P: Glucose 6-phosphate. Glygn: 
Glycogen. iCit: Isocitrate. Mal: Malate. OAA: Oxaloacetate. PEP: Phosphoenolpyruvate. Pyr: 
Pyruvate. Suc: Succinate. SucCoa: Succinyl-CoA. UDPGlc: Uridine diphosphate glucose. The 
subscripts e, c, and m denote the extracellular, cytosolic and mitochondrial compartments, 
respectively.  

1.4.1.2. Regulation of glycogen synthase and glycogen phosphorylase 

Glycogen synthase and glycogen phosphorylase catalyze the synthesis and degradation of 

glycogen, respectively. The liver isoenzyme of glycogen synthase (GYS2) is activated by glucose 

6-phosphate, whereas liver glycogen phosphorylase (PYGL) is allosterically, inhibited by 

glucose109. Due to the sensor-like role of GLUT2/GK, effectively this enhances glycogenesis at 

high glucose blood concentrations (fed state) and glycogenolysis at low glucose concentrations 

(fasting state). 

At the posttranslational level, GYS2 is inhibited by GSK3α mediated phosphorylation which is 

inhibited by the insulin signaling cascade35. Conversely, PYGL is activated by phosphorylation 

mediated by phosphorylase kinase (PhK), which is activated by the cAMP-PKA signaling 

cascade61.  

Both GYS2 and PYGL are dephosphorylated by protein phosphatase-1 (PP1) which is post-

translationally activated by the insulin signaling cascade, although the mechanisms of such 

activation are not yet fully elucidated, and inhibited by PKA109–111. Additionally, the 

dephosphorylation of GYS2 by PP1 is allosterically inhibited by phosphorylated PYGL, further 

contributing to maintaining GYS2 in the inactive state when PYGL is active112,113.  

1.4.1.3. Regulation of phosphofructokinase-1 and fructose-1,6-bisphosphatase and pyruvate 

kinase in liver 

In the liver, phosphofructokinase-1 (PFKL) and fructose-1,6-bisphosphatase (FBP1), are primarily 

regulated through fructose 2-6 bisphosphate which is an allosteric activator of PFKL and 

allosteric inhibitor of FBP19,63.  

Fructose 2-6 bisphosphate is synthesized and degraded by the 6-phosphofructo-2-kinase (PFK2) 

and the fructose bisphosphatase-2 (FBP2) activities, respectively, both of which are localized in 

a single bifunctional enzyme. In hepatocytes and in short time scales, fructose 2-6 bisphosphate 

concentrations, are primarily regulated by fructose 6-phosphate, which is the substrate of PFK2 
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and inhibits FBP2, and by citrate, phosphoenolpyruvate and glycerol 3-phosphate which inhibit 

PFK2. In intermediate timescales, PFK2/FBP2 is regulated by phosphorylation by PKA which 

enhances FBP2 while inhibiting PFK260,62,63.  

Regulation of the liver isoenzyme of pyruvate kinase (PKLR) is highly connected to the regulation 

of PFKL/FBP1 as it is allosterically activated by fructose 1-6 bisphosphate114. Furthermore, PKLR 

is inhibited by PKA-mediated phosphorylation, ATP and alanine. As alanine is a major 

gluconeogenetic substrate, this contributes to activating gluconeogenesis when alanine is 

present in significant quantities in blood59,60,63,115.  

1.4.1.4. Pyruvate dehydrogenase 

Pyruvate dehydrogenase (PDH) is also tightly regulated as pyruvate is gluconeogenic, whereas 

its product (i.e., acetyl-CoA) it is not. Firstly, it has product inhibition by both acetyl-CoA and 

NADH116. This leads to the inhibition of PDH during the fasting state as the activation of β-

oxidation leads to both high NADH and Acetyl-CoA concentrations. Secondly, PDH is also 

inhibited by phosphorylation by PDH kinases (PDKs). PDKs are allosterically activated by acetyl-

CoA and NADH further reinforcing the product inhibition of PDH. PDK mediated inhibition is 

countered by PDH phosphatases (PDP), which dephosphorylates PDH117.  

1.4.2. Fructose metabolism in the liver 

Like glucose, fructose is absorbed in the intestine and flows through the portal vein to the liver 

where is metabolized by hepatocytes. Fructose metabolism in hepatocytes consists of 

phosphorylation of fructose to fructose 1-phosphate by fructokinase and the split of this 

metabolite by the liver aldolase isoform (aldolase B, ALDOB) into dihydroxyacetone-phosphate 

and glyceraldehyde, with the latter metabolite being phosphorylated by triokinase into 

glyceraldehyde 3-phosphate118.  

As it has been covered in a previous section, GK is characterized by both a low affinity for glucose 

and heavily regulated to modulate the glycolytic flow and prevent excessive accumulation of 

glycolytic intermediates. However, this is not the case with fructose metabolism where 

fructokinase has both a high affinity for fructose and lacks any significant allosteric regulation or 

product inhibition119. Indeed, fructose metabolism appears to be primarily controlled by the 

fructose concentration in blood120.  

Additionally, fructose uptake also promotes glucose uptake by inhibiting the fructose-6-

phosphate mediated binding of GKRP to GK108. Hence, a small amount of fructose in the diet can 

have a beneficial effect by enhancing the clearing of glucose from blood during the feeding 

state107. However, largely due to the lack of regulation in fructokinase, diets with excessive 
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fructose are associated with increased risk to metabolic diseases such as nonalcoholic fatty liver 

disease, insulin resistance or obesity121–124. Hence, considering the prevalence of fructose-rich 

diets and the social cost of the aforementioned diseases, it is of great interest to develop tools 

to characterize the effects of fructose on hepatic metabolic function.   

1.4.3. Long term regulation of hepatic glucose metabolism 

In the long term, hepatic glucose metabolism is primarily regulated through FOXO, CREB, and 

ChREBP. FOXO transcription factors activate the expression of gluconeogenetic enzymes (e.g., 

Phosphoenolpyruvate carboxykinase and glucose 6-phosphatase) and PDK4125. FOXO is 

repressed by insulin signaling during the fed state126. Similarly, the expression of key 

gluconeogenic genes is also induced by CREB in response to cAMP signaling127,128. Conversely, 

ChREBP induces the expression of glycolytic genes (e.g., PKLR and GLUT2) as well as genes 

associated with lipogenesis. It is activated by intermediaries that increase during feeding state 

and suppressed by ketone bodies and by PKA during fasting127,129,130.   

1.5. Cancer: the biomedical challenge of the 21st century 

The term cancer is attributed to Hippocrates which coined the term to describe diseases 

characterized by abnormal tissue growth that resulted in the formation of ulcerating lumps, 

which reportedly had a morphology reminiscent of that of a crab (karkinos). Prior to 

Hippocrates, mentions of cancer-like diseases can be found in ancient Egyptian writings and 

fossil evidence indicates that cancer predates written history and indeed humanitya131.  

Nowadays, the term cancer is generally used to define a large group of multifactorial diseases 

associated with unregulated growth of a cell population with the potential to invade and 

metastasize. A mass of cancer cells growing in a particular site is termed malignant tumor. 

Cancers cells have the capacity to invade the primary tumor site by acquiring both a motile 

phenotype and the capacity to remodel the extracellular matrix (ECM) encapsulating the tumor. 

Following the invasion of local tissue, cancer cells can escape the primary tumor site by breaking 

into the blood and lymph vessels and forming secondary tumors in distant tissues and organs132. 

Cancer is a disease with both a strong prevalence and mortality. According to the most recent 

data published by The Global Cancer Observatory, over 18 million patients were diagnosed with 

cancer in 2018 while over 9.5 deaths were associated to the disease during the same period 

(Figure 3).  Furthermore, it is expected that cancer incidence will continue to rise in the following 

a The earliest evidence of cancer comes from masses identified in dinosaur fossils through radiologic 
surveys597.   
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decades, and by 2040 there will be over 29 million yearly new diagnoses of cancer133,134. Hence, 

acquiring a better understanding of the mechanisms underlying cancer and the development of 

effective therapeutic strategies is one of the major biomedical challenges of the 21st century. 

Figure 3. Estimated cancer incidence and mortality in 2018 (worldwide, both sexes, all ages 
all cancers). Data obtained from GLOBOCAN 2018 (Global Cancer observatory).   
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1.5.1. Hallmarks of Cancer 

In addition to the capacity to invade and metastasize, cancer cells have a set of unique features 

that define them. Following the influential review by Douglas Hanahan and Robert A. Weinberg, 

these characteristics are referred to as the hallmarks of cancer135. Initially, the hallmarks were 

defined as six acquired capabilities (i.e., the functional capability of self-sufficiently in growth 

signals, insensitivity to anti-growth signals, evading apoptosis, limitless replicative potential, 

angiogenesis and tissue invasion and metastasis) driven by genome instability135. Later, the 

hallmarks were expanded to include tumor-associated inflammation, the capacity to avoid 

immune destruction, and metabolic reprogramming136. Additionally, although it is not one of the 

eight hallmarks of cancer, Epithelial-Mesenchymal Transition (EMT) it is also recognized as a key 

step for the acquisition of invasiveness in cancers of epithelial origin137,138.  

1.5.1.1. Altered signaling pathways in cancer 

In health, cell proliferation, migration and metabolism are tightly regulated through a series of 

signaling cascades in order to maintain tissue homeostasis. As a result of genetic instability and 

environmental cues, cancer cells gain the ability to overactivate pathways that promote growth 

and proliferation. This is achieved by overexpressing or acquiring gain of function mutations for 

positive regulators of mitogenic pathways or downregulating or acquiring loss of function 

mutations for negative regulators of growth and proliferation.  

Case in point, the PI3K-AKT-mTOR pathway is overactivated in many cancers. Such activation 

can arise through many potential alterations in the signaling molecules involved in the pathway, 

such as overexpression of insulin-like growth factor139, insulin-like growth factor receptors140, 

gain of function mutations in PI3K subunits141, loss of function of PTEN142, gain of function 

mutations in AKT143, loss of function mutations in TSC1 and TSC2143, and activating mutations of 

mTOR144. Likewise, the MAPK pathway is frequently activated by mutation in RAS and other 

components of the kinase signaling cascade43. Dysregulation also occurs at the level of 

transcription factors regulated by such pathways. For instance, MYC can be overactivated 

independently of the above-mentioned pathways through amplification, translocation to a 

chromosomal location under the control of a powerful promoter or through mutations that 

increase its half-life145.   

Conversely, pathways or factors that promote DNA repair or trigger apoptosis in response to 

cellular stresses are frequently inactivated in cancer. For instance, P53 is inactivated in most 

tumors146. 



 27  
 

1.5.1.2. Genetic instability and clonal selection 

Cancer progression is mainly driven by the accumulation of beneficial genetic alterations which 

tend to activate or potentiate oncogenes (i.e., genes which promote cancer progression) or 

inactivate or attenuate tumor suppressor genes. Such genetic alterations range from nucleotide-

level mutations (e.g., single nucleotide variations and small insertions) to large chromosomal 

level alterations (i.e., copy number variation, translocations, inversions, tandem duplications 

and others)147. Such genomic instability is driven, among other factors, by the increased 

proliferation rate and the loss of tumor suppressor genes such as P5397,98,148 or DNA mismatch 

repair genes149.  

Additionally, inactivation of tumor suppressor genes and activation of oncogenes can also be 

achieved through epigenetic variations. Epigenetic variations are potentially heritable changes 

in gene regulation that do not involve changes in the nucleotide sequence of DNA. They include 

changes in DNA methylation or covalent modification of DNA-bound histones, both of which 

regulate the DNA regions that are open to transcription. Genes involved in these processes are 

frequently mutated in cancer150,151.  

The genome instability and the high rate of epigenetic changes in cancer cells lead to a large 

degree of inter- and intratumor heterogeneity. Tumors generally consist of a diverse group of 

clone subpopulations with distinct genetic and epigenetic information. Though selective 

pressure, clones with mutations or stable epigenetic changes that are advantageous for cancer 

progression are positively selected whereas those clones with unfavorable phenotype are 

negatively selected allowing tumor populations to progress towards the most efficient 

phenotype for cancer progression152,153.  

In this regard, cancer cell lines derived from a single patient, such as the 

SW480/SW620/LiM2154,155 or PC3/PC3M/PC3S models156,157, can be used to study the role of 

distinct tumor populations at different stages of progression and identify putative targets 

against the subpopulations that contribute more to therapy resistance and metastatic spread.   

1.5.1.2.1.  Cancer stem cells (CSCs) 

Among the many cell populations found within of the bulk of the tumor, the study of cancer 

stem cells (CSCs) populations is of great therapeutic interest as they are strongly associated with 

therapy resistance and metastatic spread. CSCs are subpopulations of cancer characterized by a 

high proliferative and self-renewal potential, and the capacity to autonomously establish 

primary tumors and metastasis158,159. Likewise, CSCs are also endowed with increased resistance 
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to cell death and cellular stress and hence can survive therapeutic interventions that might kill 

the bulk of the tumor160–164. 

Similar to stem cells found in non-tumoral tissues, CSCs have the capacity to generate non-CSC 

populations through asymmetric divisions and epigenetic changes165. There is also evidence 

that, in some circumstances, differentiation might be reverted in response to environmental 

cues or the acquisition of mutations that promote stemness166–168.   

Cancer cell stemness is regulated through a variety of signaling pathways that promote 

proliferation, cell survival and contribute to maintaining pluripotency. For instance, cancer 

stemness has been associated with signaling through PI3K/Akt/mTOR169, MAPK170,171, focal 

adhesion kinase172 , NOTCH173, Sonic Hedgehog174 and the inhibition of the HIPO signaling 

pathway175. Similarly, and largely regulated by the above-mentioned signaling pathways, the 

transcription factors MYC176,177, KLF4178,179, BMI1180,181 and TAZ175,182, among others, have also 

been associated with CSCs.  

1.5.1.3. Epithelial-mesenchymal transition (EMT) 

EMT is a process by which epithelial cells lose stable cell to cell adhesions and a shift from apical-

basal to front-rear polarity, leading to migratory mesenchymal cells137,138.  

Under normal physiological conditions, EMT has a crucial role in embryonic development and 

wound healing and tissue repair processes183. However, EMT is also hijacked by cancers of 

epithelial origin in order to gain the capacity to invade the primary site, extravasate into the 

blood or lymphatic vessels, and form metastatic lesions to distant tissues or organs136. 

Furthermore, EMT has also been reported to endow cancer cells with other selective advantages 

such as drug resistance184 or resistance to cell death185. However, it is also beginning to emerge 

that a complete EMT can also lead to both reduced cell proliferation and tumorigenic potential 

157,186–191. For such reason, it has been suggested that cancer progression can often involve a 

partial or intermediate EMT where expression of mesenchymal and epithelial markers 

coexist137,138,192–194. 

 EMT is supported by significant changes in gene expression including the cadherin switch ( i.e., 

the downregulation of E-cadherin and the upregulation N-cadherin), downregulation of claudin 

and occludins (i.e., the components of tight junctions) and changes in the cytoskeleton (e.g. 

upregulation vimentin and downregulation of cytokeratin). Further supporting motility, cells 

undergoing EMT acquire the capacity to remodel the ECM through changes in the expression of 

ECM proteins (e.g., upregulation of fibronectin and type I/II collagen, and downregulation of 

laminins) and the expression of ECM-degrading metalloproteases183,184. Such changes are 
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coordinated by transcription factors such as the members of the Snail family, ZEB1 or 

TWIST1137,138.  

1.5.1.3.1. Snail  

Snail is a family of transcription factors involved in the repression of genes associated with the 

epithelial phenotype (chiefly among them E-Cadherin) and the induction of EMT. Structurally, 

members of the Snail family have a conserved DNA binding domain, which binds specifically to 

sequences found in the promoter regions of epithelial genes like E-cadherin and claudins, and a 

conserved SNAG domain which can recruit corepressors195. In humans, there are three members 

of the Snail family, SNAI1, SNAI2 (also known as Slug) and SNAI3 (also known as Smuc). The 

different family members mainly differ in the central domain of the protein. For instance, in 

SNAI1 the central domain contains a destruction box and nuclear export sequence whereas in 

SNAI2 the central region contains the Slug domain that can recruit corepressors and regulates 

the activity of the SNAG domain195–197.   

At the transcription level, both SNAI1 and SNAI2 are activated by TGF-β signaling 198,199, while 

SNAI1 transcription has also been reported to be activated by TNF-α/NF-κ and MAPK 

signaling200,201. Furthermore, SNAI1 and SNAI2 are part of an autoregulatory loop where 

transcription of the former is repressed by SNAI1202 and possibly SNAI2203,204, and the latter is 

repressed by SNAI1205. Additionally, Krüppel-like factor 4 (KLF4), a transcription factor associated 

with pluripotency 206, can repress the transcription of both SNAI1 and SNAI2207–209.   

SNAI1 is also extensively regulated at the posttranslational level. For instance, GSK-3β mediated 

phosphorylation of the nuclear export sequence, and the destruction box of SNAI1 triggers its 

nuclear export and proteasome-mediated degradation210. Similarly, Protein kinase D1(PRKD1) 

mediated phosphorylation of SNAG domain can lead to an inactive SNAI1/DNA complex211 or 

trigger SNAI1 nuclear export and ubiquitination in a context-dependent manner212,213. On the 

other hand, phosphorylation at sites at the DNA binding domain of SNAI1 by the motility 

promoting p21-activated kinase 1214 or Large Tumor Suppressor Kinase 2 (LATS2) of the Hippo 

pathway215 facilitates SNAI1 retention in the nucleus preventing proteasome-mediated 

degradation. Likewise, TNF-α/NF-κ promotes SNAI1 stability by inducing the transcription of 

COP9 signalosome complex subunit 2 which disrupts the interaction of GSK-3β and ubiquitin 

ligases with SNAI1216.  

SNAI2 is also regulated at the posttranslational level. For instance, GSK-3β mediated 

phosphorylation has been linked to increased SNAIL2 nuclear export and degradation217. 

Similarly, TNF-α/NF-κB signaling has been reported to increase its stability218. 



 30  
 

  

1.5.1.4. Metabolic reprogramming in cancer  

Metabolism underlies most cellular processes and, as such, it plays a crucial role in cancer 

progression. First and foremost, the acquisition of the capacity for rapid proliferation must be 

supported by a metabolic phenotype capable of supplying both the building blocks (e.g., amino 

acids, lipids and nucleotides) and the metabolic energy and reductive potential needed for the 

S phase of the cellular cycle. As such, most mitogenic signaling pathways overactivated in cancer 

(e.g., PI3K-AKT-mTOR and MYC) trigger a metabolic reprogramming that optimizes the 

metabolic phenotype for rapid proliferation10.  

Furthermore, metabolic reprogramming can also promote signaling and epigenetic changes that 

support cancer progression by modulating the concentration of critical metabolites, such as 2-

hydroxyglutarate, succinate or fumarate, which regulate posttranslational modification of 

proteins (e.g., HIF or DNA associated histones) and DNA90,137,219.  

Even more, cancer associated metabolic reprogramming can also underlie, the acquisition of 

metastatic potential220, genetic instability221,222, drug resistance223,224 or immune escape225,226.  

1.5.1.4.1. Glycolysis in cancer: the Warburg effect 

One of the most striking features of cancer cell metabolism is the propensity to use aerobic 

glycolysis (i.e., the fermentation of glucose into lactate), in detriment to glucose oxidation 

through the TCA cycle. This phenomenon is named Warburg effect after Otto Warburg, who 90 

years ago described that slices of hepatoma incubated with glucose generated lactate at a rate 

70 times higher than healthy liver tissue227. 

1.5.1.4.1.1. What are the advantages of the Warburg effect?  

Fermentation of glucose to lactate yields only 2 ATP per molecule, whereas oxidizing glucose 

through the TCA cycle can yield approximately 31 molecules of ATP per glucose228. While it was 

initially thought that the Warburg effect could be attributed to defective mitochondria function, 

indeed Warburg himself was a strong proponent of this hypothesis, this was disproven by the 

evidence that most cancer cells have functional mitochondria229,230.  

However, cancer almost invariably converges towards the Warburg effect, suggesting that it 

offers a selective advantage to cell proliferation and cancer progression. Indeed, the Warburg 

effect is also active in many non-cancerous cell populations with high proliferative capacity11. In 

this regard, it has been hypothesized that aerobic glycolysis can support the metabolic demands 

associated with a fast proliferation rate better than the oxidative metabolism of glucose. Firstly, 
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a high rate of aerobic glycolysis facilitates the synthesis of biomass building blocks and reductive 

power from glycolytic intermediaries231,232. Secondly, as aerobic glycolysis is enzymatically less 

complex than glucose respiration, the latter might support faster ATP and biomass building 

blocks synthesis when the cost of synthesizing and maintaining enzymes and the limited solvent 

capacity of the cell are considered233–235. Furthermore, the Warburg effect might provide an 

enhanced capacity to adapt to perturbations in the supply of both oxygen and glucose236.  

An additional advantage of the Warburg effect is that it can produce ATP independently of 

mitochondrial respiration and hence reduce the production of reactive oxygen species (ROS). In 

this regard, detachment from the extracellular matrix is associated with increased formation of 

ROS, which can lead to a specific form of apoptosis termed anoikis237,238. Hence, the Warburg 

effect is theorized to promote metastasis by enabling cancer cells to evade anoikis and survive 

in circulation220.  

Finally, other advantages of the Warburg effect for cancer cells might include inhibiting the 

immune response by depriving immune subpopulations of glucose and through acidification of 

the tumor microenvironment225,226. Similarly, acidification of the tumor microenvironment can 

also promote a gene expression program associated with invasiveness and metastasis in cancer 

cells239,240.  

1.5.1.4.1.2. Transcriptional drivers of the Warburg effect 

Both MYC and HIF have been reported to induce the transcription of glucose transporters 

(GLUT1 and GLUT3)241, glycolytic enzymes (e.g. HK2, GPI, PFK-P/M, ALDOA/C, TPI1, GAPDH, 

PGK1, ENO1, PKM2 and LDHA/B87,88,242–245) and lactate transporters (i.e. MCT1,MCT2 and MCT4 

246,247)(Figure 4). Conversely, P53 can suppress the expression of glucose transporters GLUT1 and 

GLUT4104 and HK2248. Hence, overactivation of MYC or HIF and the loss of P53 transcriptionally 

promote the Warburg effect.  

1.5.1.4.1.3. Isoenzymes supporting Warburg effect 

As part of tumor progression and MYC and HIF signaling, cancer cells also express isoenzymes 

with kinetic properties favorable for the Warburg effect. For instance, the glucose transporters 

(i.e., GLUT1 and GLUT3) and hexokinase isoenzyme (i.e., HK2) expressed in cancer cells have a 

high affinity for glucose and thus facilitate both glucose uptake and usagea249,250.  

a This is in stark contrast with liver, where glucokinase and GLUT2 have low glucose affinity and serve as 
glucose sensors.  
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Figure 4. Regulation of glycolysis, pentose phosphate pathway, and glutaminolysis in cancer. 
Energy and redox cofactors have been omitted for simplicity. 2PG: 2-Phosphoglycerate. 3PG: 3-
Phosphoglycerate. AcCoA: Acetyl-CoA. aKG: α-Ketoglutarate. bPG13: 1,3-Bisphosphoglycerate. 
Cit: Citrate. DhaP: Dihydroxyacetone phosphate. Fru26bP: Fructose 2,6-bisphosphate Fru16bP: 
Fructose 1,6-bisphosphate. Fru6P: Fructose 6-phosphate. Fum: Fumarate. GaP: Glyceraldehyde-
3-Phosphate. Glc: Glucose. Glc6P: Glucose 6-phosphate. Gln: Glutamine. Glu: Glutamate. 
Glucon6P: Gluconate 6-phosphate. iCit: Isocitrate. Lac: Lactate. Mal: Malate. OAA: Oxaloacetate. 
PEP: Phosphoenolpyruvate. Pyr: Pyruvate. Rib5P: Ribose 5-phosphate. Rul5P: Ribulose 5-
phosphate. Sed7P: Sedoheptulose 7-phosphate. Suc: Succinate. SucCoa: Succinyl-CoA. The 
subscripts e, c, and m denote the extracellular, cytosolic and mitochondrial compartments, 
respectively. 
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Another isoenzyme with a critical role in Warburg effect, and indeed in cancer progression, is 

PKM2 which is a product of alternative splicing of the Pyruvate Kinase M gene. Unlike other 

isoenzymes, PKM2 can exist either in dimeric or tetrameric form. The later has a high affinity for 

phosphoenolpyruvate, the substrate of pyruvate kinase, compared to the later which is nearly 

inactive in physiological conditions. The tetrameric form is stabilized by fructose 1-6 

bisphosphate which acts as a strong allosteric activator of PKM2251. Additionally, PKM2 is also 

allosterically activated by serine, which is synthesized from glycolytic intermediates252. Together, 

those activations result in a regulatory loop that promotes increased accumulation of glycolytic 

intermediaries hence providing metabolic precursors for anabolic pathways such as nucleotide 

or serine synthesis79,253. Additionally, it is worth mentioning that in response to certain stimuli 

such hypoxia or MAPK signaling PKM2 can migrate to the nucleus where it can enhance the 

expression of MYC254 and interact with HIF to increase the expression of HIF target genes88, 

further promoting Warburg effect.  

1.5.1.4.1.4. Fructose 2-6-bisphosphate in cancer 

Like in hepatocytes, the isoforms of phosphofructokinase expressed in cancer, mainly  PFKM and 

PFKP, are allosterically activated by fructose 2-6-bisphosphate and hence regulated by 

PFK2/PFBP2 activity. In this regard, most cancer cells have high expression of the  PFK/FBPase 3 

isoenzyme, which has a high ratio of PFK2 to FBP2 activity, leading to increased fructose 2-6-

bisphosphate concentrations and hence a larger glycolytic flux255. Expression of  PFKFB3 is driven 

both by HIF87,256 and PI3K-AKT-mTORC1 signaling257,258. However, expression of PFK2/PFBP2 

isoenzymes with less kinase activity has also been reported as a mechanism to redirect flux 

through the pentose phosphate pathway and protect against oxidative stress259,260.  

Conversely, P53 activity lowers the concentration of fructose 2-6-bisphosphate by activating the 

transcription of TP53-induced glycolysis and apoptosis regulator (TIGAR), an enzyme which 

catalyzes the dephosphorylation of fructose 2-6 bisphosphate261. To a lesser extent, TIGAR can 

also catalyze the dephosphorylation of fructose 1-6 bisphosphate further suppressing the 

glycolytic flux262.  

1.5.1.4.1.5. Pyruvate Dehydrogenase kinases in cancer  

PDKs play a key role in the Warburg effect by inhibiting PDH and redirecting pyruvate towards 

lactate production. In this regard, HIF has been reported to enhance the transcription of 

PDK1/3263,264 while P53 has been reported to repress the transcription of PDK2265. Additionally, 
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AKT can enter the mitochondria, in a transport process that is enhanced under hypoxia, and 

phosphorylate PDK1 enhancing its activity266. 

1.5.1.4.2. Pentose phosphate pathway 

The pentose phosphate pathway (PPP) has a crucial role in cancer cell metabolism, producing 

both the ribose phosphate backbones for nucleotide synthesis and the NADPH needed for 

anabolic pathways and redox homeostasis. As such, it is frequently upregulated in cancer267,268. 

Indeed, in proliferating cells the oxidative branch of PPP is generally assumed to be the primary 

contributor to NAPDH production, accounting for between 30-50% of its total production269.  

The PPP consists of two branches, the irreversible oxidative branch and a reversible non-

oxidative branch (Figure 4). In short time scales, the flux through the oxidative branch is 

regulated by glucose-6 phosphate concentration and by NADPH demand270. Conversely, the flux 

(and direction) of the non-oxidative branch will depend on the demand of ribose-phosphate 

relative to the activity of the oxidative branch as well as the concentration of fructose 6-

phosphate and glyceraldehyde 3-phosphate267. Hence, the Warburg effect, by increasing the 

concentrations of glycolytic intermediates, can facilitate the flux through both the oxidative and 

non-oxidative branch of the pentose phosphate pathway253,259.  

At the transcription level, the PI3K-AKT-mTORC1 pathway can promote expression of Glucose-

6-phosphate dehydrogenase in an SREBP-dependent manner24,29. Furthermore, enzymes in both 

the oxidative and non-oxidative branches of PPP (Glucose-6-phosphate dehydrogenase, 

Phosphogluconate Dehydrogenase, Transketolase, Transaldolase) are also upregulated by the 

Nuclear factor erythroid2-related factor 2 (NRF2)271–273 which can be activated by oxidative 

stress or PI3K/AKT signaling274,275. Additionally, ChREBP has also been shown to upregulate PPP, 

but the effects appear to be restricted to hepatocellular carcinoma66,276,277.  

Finally, at the posttranslational level, Glucose-6-phosphate dehydrogenaseis inhibited by direct 

interaction with P5399 and activated through phosphorylation by the Polo-like kinase 1(PLK1), 

which is frequently upregulated in cancer278.  

1.5.1.4.3. Lipid metabolism 

Lipid metabolism plays a crucial role in cancer progression by regulating the supply of structural 

lipids, signaling processes and energy and redox balances279.  

Firstly, most cancer cell display increased lipogenesis in order to meet the demand of structural 

lipids (e.g. phospholipids and cholesterol) needed to support a fast proliferative rate. In this 

regard, enzymes of the fatty acid synthesis pathways (e.g., ATP-citrate lyase, Acetyl-CoA 
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carboxylase, and fatty acid synthase) are overexpressed in most cancer types280. This 

upregulation appears to be primarily mediated by SREBP activity driven by PI3K-AKT-mTORC 

signaling24,29,281,282. Additionally, ATP-citrate lyase, a key enzyme in the de novo fatty acid 

synthesis pathway, is activated by AKT-mediated phosphorylation283,284.  

Lipid biosynthetic pathways can also modulate lipid composition in the cell and regulate a wide 

array of cellular processes. For instance, ChREBP-induced stearoyl CoA desaturase has been 

shown to promote metastasis and invasion in colorectal cancer by increasing the ratio of 

monounsaturated fatty acids leading to the downregulation of PTEN285. Likewise, changes in 

sphingolipid metabolism have been shown to underlie EMT286 , metastatic potential287 and 

apoptosis288. 

β-oxidation is also active in many cancers and has been reported to be important for cancer cell 

survival and proliferation279. Firstly, β-oxidation can serve as a source of reductive power and 

metabolic energy, and provide metabolic flexibility under stress289–291. Additionally, β-oxidation 

might also contribute to cancer progression by reducing the concentration of lipids with 

antiproliferative or lipotoxic effects291, promoting genetic instability through ROS generation221 

or, inhibiting apoptosis109.  

1.5.1.4.4. Folate Metabolism  

Folate metabolism is centered around tetrahydrofolate (THF), which is obtained from folate (i.e., 

vitamin B9) through two consecutive reactions catalyzed by dihydrofolate reductase (DHFR)a. 

THF can act as a carrier of one-carbon units (1C) with different oxidation states (methyl, 

methylene, methenyl, and formyl). This allows C-THF to act as a 1C donor for purine synthesis, 

deoxythymidine synthesis, and homocysteine re-methylation. The latter is part of the 

methionine cycle which produces S-adenosyl methionine, the principal methyl donor in the cell.  

The primary source of 1C are the reactions catalyzed by serine hydroxymethyltransferases 

(SHMT1/2), which catalyze the cleavage of serine into glycineb, and the glycine cleavage system. 

Both reactions use THF as a carbon acceptor and produce N5,N10 methylene-THF(CH2-THF). 

However, there are other sources of 1C, such as histidine catabolism or formate. Enzymes such 

as methylenetetrahydrofolate dehydrogenase (MTHFD1/2/2l) and methylenetetrahydrofolate 

reductase (MTHFR) catalyze redox reactions that interconvert CH2-THF to N10-formyl 

 

a DHFR activity is also necessary to regenerate THF from the dihydrofolate generated by deoxythymidine 
synthase 
b The reaction is reversible and can also serve to synthetize serine from glycine 
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tetrahydrofolate (CHO-THF) and to N5-methyl tetrahydrofolate (CH3-THF). In this regard, folate 

metabolism can also play a key role in redox homeostasis as several reactions in the pathway 

are coupled to NAD(P)H synthesis269,292. Furthermore, it can also serve as an important source 

of ATP as the release of formate from N10-formyl tetrahydrofolate (CHO-THF) is coupled to ATP 

phosphorylation293,294. Finally, it is worth mentioning that folate metabolism has parallel 

branches in the cytosol and mitochondria leading to some redundancy in the activities in each 

branch295,296(Figure 5).  

Folate metabolism is often over-activated in cancer cells playing a key role supporting de novo 

nucleotide synthesis, epigenetic regulation and energy and redox balance269,293,294,297–299. In this 

regard, the Warburg effect and the expression of PKM2 promote folate metabolism by favoring 

de novo serine synthesis from the glycolytic intermediate 3-phosphoglycerate253,300. 

Additionally, MYC and mTORC1-ATF4, have been reported to activate the transcription of 

enzymes involved in serine de novo synthesis(phospho-glycerate dehydrogenase, 

phosphoserine aminotransferase 1, and phosphoserine phosphatase), MTHFD2, SHMT1/2 and 

glycine decarboxylase (GLDC, part of the glycine cleavage system)79–81,301–304.  

1.5.1.4.5. Nucleotide synthesis 

To support their rapid proliferation rate, cancer cells often have an increased rate of nucleotide 

and deoxynucleotide synthesis. Firstly, MYC overactivation promotes the transcription of 

enzymes of the purine and pyrimidine biosynthesis pathways305,306. Additionally, S6K, activated 

by mTORC1, phosphorylates and activates CAD (carbamoyl-phosphate synthetase 2, aspartate 

transcarbamylase, and dihydroorotase) the enzyme which catalyzes the first three reactions on 

the de novo pyrimidine synthesis pathway36. Moreover, increased nucleotide synthesis is also 

supported by overactivation of the PPP and folate metabolism, which provide the ribose 

backbones and 1C necessary for the pathway80,268.  

Dysregulation of nucleotide metabolism might also affect genome instability. For instance, 

alterations in the urea cycle can result in an excess of carbamoyl-phosphate leading to an excess 

of synthesis of pyrimidines. The resulting imbalance between purine and pyrimidine synthesis 

increases the frequency of transversion mutations where a pyrimidine is added in place of a 

purine222.  
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Figure 5. Graphical representation of folate metabolism. The genes catalyzing reactions of 
interest are indicated inside of white boxes. DHFR: Dihydrofolate Reductase. GART: Trifunctional 
Purine Biosynthetic Protein Adenosine-3. LOC286297: Methylenetetrahydrofolate 
Dehydrogenase (NADP+ Dependent) 1 Like Pseudogene. MTHFD1: Methylenetetrahydrofolate 
Dehydrogenase, Cyclohydrolase And Formyltetrahydrofolate Synthetase1. MTHFD1L: 
Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)1 Like. MTHFD2: 
Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent) 2, Methenyltetrahydrofolate 
Cyclohydrolase. MTHFD2L: Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)2 
Like. MTHFD2P1: Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)2, 
Methenyltetrahydrofolate Cyclohydrolase Pseudogene 1. MTHFR: Methylenetetrahydrofolate 
Reductase. PHGDH: phospho-glycerate dehydrogenase. PSAT1: Phosphoserine 
aminotransferase PSPH: Phosphoserine Phosphatase. SHMT1/2: Serine 
Hydroxymethyltransferase1/2. TYMS: Thymidylate Synthetase.  

1.5.1.4.6. Amino acid metabolism and glutathione metabolism 

Overactivation of signaling pathways that promote proliferation, such as PI3K-AKT-mTORC or 

MYC, lead to increased demand for amino acids for protein synthesis, and to a lesser extent, 

nucleotide synthesis. To meet such demand, AKT-mTORC1-ATF4 and MYC signaling increase the 
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supply of amino acids by activating the expression of both amino acid carriers and enzymes from 

biosynthetic pathways of non-essential amino acids30,303,307–309. 

Additionally, MYC also plays a critical role in glutamine metabolism, activating the transcription 

of both glutamine carriers(i.e., SLC1A5 and SLC7A5) and glutaminase (GLS)308,310,311(Figure 4). 

Glutamine supports rapid proliferation by acting as donor of amine groups in the synthesis of 

non-essential amino acids and nucleotides, replenishing TCA cycle intermediates lost to 

biosynthetic pathways as well as acting as a catabolic substrate10,312. Because of its role 

replenishing TCA cycle intermediates, glutaminolysis has also been reported to support redox 

homeostasis by facilitating NADPH production through the NADPH-dependent malic enzyme 

which oxidizes the TCA-cycle-derived malate to pyruvate313.  

Even more, glutaminolysis-derived glutamate can support the synthesis of glutathione314,315, a 

tripeptide synthesized from glutamate, cysteine and glycine. Glutathione plays a key role in the 

defense against oxidative stress, is widely associated with resistance to both chemotherapy and 

radiotherapy316,317, and often found in higher concentration in cancer cells than in healthy 

tissues318. As part of its antioxidant function, glutathione acts as an electron donor for redox 

reactions and is reduced to glutathione-disulfide. Glutathione-disulfide can be recycled to 

glutathione in a NAPDH-dependent manner through the glutathione reductase activity223,319.  

However, even if glutamate contributes to glutathione synthesis, cysteine is assumed to be the 

limiting substrate for glutathione production318 and, as such, cysteine supply plays a key role in 

protecting against oxidative stress. In blood, as in culture media, cysteine is mostly found as 

cystine (L-dicysteine)320,321 which is transported inside the cell primarily through the 

cystine/glutamate antiporter system Xc- (coded by the genes SLC7A11 and SLC3A2)322 and to a 

lesser extent, through the cystine/neutral amino antiport acid system b0,+ (coded by the genes 

SLC7A9 and SLC3A1)323. In the cytoplasm, cystine is reduced to cysteine primarily by reacting 

with glutathione324–326 and to a lesser extent by the thioredoxin reductase system327,328. 

However, cysteine can also be produced from methionine, the other sulfur-containing amino 

acid, through the transsulfuration pathway.  

Transcription of the Xc- components and the enzymes of the transsulfuration pathway are 

induced both by NRF2 and ATF428,329,330. Similarly, transcription of enzymes involved in 

glutathione synthesis and glutathione reductase are activated by NRF2 and NF-κB331,332. 

1.5.1.4.7. Targeting cancer metabolism 

Because metabolic reprogramming underlies critical aspects of cancer progression, it also 

represents a set of unique and powerful therapeutic opportunities: cancer cells can be 
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selectively killed, or their malignancy can be severely limited by identifying and targeting the key 

players of cancer metabolic reprogramming.  

For instance, as part of such reprogramming cancer cells might become dependent on specific 

pathways. Case in point, many cancer cell populations, particularly those driven by RAS or MYC 

overactivation, are highly dependent on glutamine and are vulnerable to therapies targeting 

glutamine metabolism224,333–335. Similarly, cancer cells can also become dependent on the system 

Xc- for cystine import and hence its inhibition has been found to inhibit proliferation336–340 and 

tumorigenic potential341–343 in a variety of cancer types. 

Additionally, due to overactivation of folate metabolism, antifolates such as Methotrexate, or 

Pemetrexed have proven to be highly effective against many cancer types344–348. Similarly,  some 

cancer cell populations are vulnerable to inhibition or silencing of specific activities of folate 

metabolism such as SHMT1, SHMT2, MTHFD1 or MTHFD2304,349–351. 

Finally, targeting features of CSC specific metabolic reprogramming has proven to be an effective 

strategy to reduce stemness o sensitize cancer cells to chemotherapy or radiotherapy. For 

instance, inhibiting the Warburg effect, oxidative phosphorylation, glutaminolysis or lipid 

metabolism have been shown to reduce the tumorigenic potential of prostate CSCs287,291,333.  

1.6. The Systems Biology toolbox for metabolic analysis 

In previous sections, it has been established that the metabolic phenotype emerges from the 

interaction of metabolites, enzymes and signaling pathways. Hence, analyzing a metabolic 

system through a reductionist approach (i.e., analyzing individual measurements of metabolites 

or enzymes in isolation) might fail to encapsulate the emerging properties of the system. 

Systems Biology is the discipline of biology that studies biological systems in a holistically manner 

(i.e., as a whole) to study the properties that emerge from the complex interaction of its 

components and, as such, has been widely applied to the study of metabolism352,353. To achieve 

this, Systems Biology uses mathematical representations of metabolism termed metabolic 

models. Such models serve as a framework where multiple layers of data (e.g., metabolomics, 

transcriptomics, proteomics or enzyme kinetic properties) are integrated to simulate different 

properties of the metabolic phenotype such as metabolic fluxes, metabolites concentrations or 

the response to a metabolic perturbation. Metabolic models can be broadly classified into two 

categories, constraint-based or kinetic models353. Complementing both modeling approaches, 

there is 13C MFA (Metabolic Flux Analysis), a set of techniques designed to integrate 13C resolved 

metabolomics in the framework of either kinetic modeling or constraint-based modeling354–356.  
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1.6.1. Mathematical notation of metabolic networks: the stoichiometric matrix 

Both kinetic models and constrain-based models use the stoichiometric matrix to represent 

metabolic networks in mathematical notation. The stoichiometric matrix (s), is a matrix of n rows 

and m columns where n is the number of metabolites in the network and m is the number of 

reactions and transport processes. In this matrix, 𝑠𝑖,𝑥 represents the stoichiometric coefficient 

for the metabolite i in reaction/transport process x. If the metabolite i does not participate in 

the reaction or transport process x the coefficient will be 0 (Figure 6). 

Figure 6. Example of the stoichiometric matrix and the balance equations for a simplified network 
of Glycolysis. Glc: Glucose. DhAP: Dihydroxyacetone phosphate. GaP: Glyceraldehyde 3-
phosphate. Pyr: Pyruvate. Lac: Lactate. 

The advantage of using such notation is that the mass balance equations for metabolites (i.e., 

how metabolites concentration would change in time) (Figure 6) in the network can be written 

as follows: 
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𝑑𝑀

𝑑𝑡
= 𝑠. 𝑣  

where  

M is a vector of metabolites concentrations.  

v is the vector of reaction fluxes.  

1.6.2. Kinetic Models 

Kinetic models, also known as dynamic models, are metabolic models capable of simulating the 

evolution of metabolite concentrations and metabolic fluxes in time357. As covered in previous 

sections, the rate through an enzyme-catalyzed reaction depends on the concentration of 

substrates, products, activators and inhibitors, and the properties and concentration of the 

enzyme catalyzing it. In kinetic models, this dependency is simulated with mathematical 

expressions referred to as kinetic laws or rate equations which compute the rate through an 

enzyme-catalyzed reaction as a function of metabolite concentrations and the amount and 

kinetic parameters of the enzyme5. Substituting the rate equations in the mass balance equation 

results on a system of ordinary of differential equations (ODE) for metabolite concentrations in 

time(t).  

𝑑𝑐[𝑡]

𝑑𝑡
= 𝑠 · 𝑣(𝑐[𝑡], 𝑝) 

Where v is a vector of reaction fluxes, which is computed using rate equations as a function of 

the vector of metabolite concentrations (c[t]), and enzyme concentrations and properties 

(defined in the vector kinetic parameters p). In such a system, v should have units of 

concentration per time. Solving this system of ODEs from a set of starting metabolite 

concentrations (c[0]) allows simulating the evolution in time of metabolite concentration and by 

extension metabolic fluxes.  

The system defined above is valid for kinetic models with a single cellular compartment. 

However, if the kinetic model encompasses multiple cellular or extracellular compartments with 

different volume, the ODE systems should be corrected to account for this. This need arises 

because any concentration is a function of volume; hence, concentrations are not conserved 

when a metabolite moves to a cellular compartment with a different volume. An approach to 

account for this is to use absolute units for metabolic fluxes (e.g. mmol·min-1) and divide each 

ODE by the volume (V) of the compartment where the metabolite is located.   

𝑑𝑐[𝑡]

𝑑𝑡
= 𝑠 · 𝑣(𝑐[𝑡], 𝑝) ·

1

𝑉
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Figure 7. Example of a kinetic model of upper glycolysis build by Puigjaner et al.358. The network 
has three metabolites (Glc: Glucose, G6P: Glucose 6-phosphate, F6P: Fructose 6-phosphate) 
connected by three reactions (HK: Hexokinase, GPI: Glucose 6-phosphate isomerase, PFK: 
phosphofructokinase). From network stoichiometry, the parametrized kinetic laws are combined 
to build a system of ODEs, with each equation describing the dependent dynamic of a metabolite 
concentration. Starting with initial metabolomic values, solving the system of ODEs simulates 
time courses for metabolite concentrations and reaction fluxes. The model structure and 
parameters can be iteratively modified until the simulation is a good fit for the measured 
concentrations and extracellular fluxes (expected outcome).  

1.6.2.1. Kinetic laws 

The accuracy of a kinetic model is highly dependent on the quality of its kinetic laws and their 

parametrization. The simplest and oldest form of kinetic laws is the mass action law where the 

rate through reactions is computed as the product of a rate constant and the concentration of 

the substrate raised to the power of their order of reaction359. For a mono substrate reaction, 

the mass action law can be written as:  
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𝑣 = 𝑘 · 𝑆𝑛 

Where 

k is a rate constant 

S is the concentration of the substrate of the reaction  

n it is the order of the reactiona.  

However, mass action has some severe limitations when it comes to simulating enzyme-

catalyzed reactions. For instance, it does not simulate saturation of the enzyme active site, nor 

can it simulate the effect of activators, inhibitors or cooperativityb.  

This led to the development of mechanistic kinetic laws that implicitly consider enzyme 

concentration, the turnover number, the affinity of the enzyme for substrates and products as 

well as the effects of activators and inhibitors. The most iconic of such kinetic laws is the 

Michaelis-Menten equation which describes the kinetics properties of a mono substrate 

irreversiblec enzyme-catalyzed reaction with no activators nor inhibitors5.  

𝑣 =
𝑒0 · 𝑘𝑐𝑎𝑡 · 𝑆

𝑆 + 𝐾𝑚𝑆
=
𝑉𝑚𝑎𝑥 · 𝑆

𝑆 + 𝐾𝑚𝑆
  

Where, 

𝑒0 is the enzyme concentration  

𝑘𝑐𝑎𝑡  is the turnover number or catalytic constant of the enzyme. 

𝐾𝑚𝑆 , the Michaelis constant, is the concentration at which 50% of the total enzyme catalytic 

sites are occupied by S. Such parameter is indicative of the affinity of the substrate for the 

enzyme active site.  

𝑉𝑚𝑎𝑥 is the maximal rate through the reaction which is the product of 𝑒0and 𝐾𝑐𝑎𝑡. 

 

a For a simple reaction, the order of reaction for a metabolite can generally be approximated to its 
stochiometric coefficient.  
b Some of these limitations would be partially addressed with the development of power laws, which are 
based on a similar principle as mass action. Power laws raise metabolite concentrations to positive or 
negative coefficients representing the sensitivity (elasticity) of the reaction rate to the concentration of 
the metabolites participating or regulating the reaction598. 
c In vitro, it can also be used to simulate the initial velocity (i.e. the velocity without any product of the 
reaction present in the medium) of reversible reactions   
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Similar kinetic laws describe mono-substrate enzyme-catalyzed reactions with cooperativity, 

reversibility or inhibitions (Table 1).  

Table 1: Kinetic laws for mono-substrate reactions. h hill cooperativity coefficient. 𝐾ℎ𝑎𝑙𝑣𝑒  is the 
equivalent constant to 𝐾𝑚𝑆 for the Hill equation. 𝐼 is the concentration of inhibitor. 𝐾𝑖𝑐 and 𝐾𝑖𝑢 
are the inhibition constants for competitive and uncompetitive inhibition. 𝑉𝑟𝑒𝑣  is the maximal 
rate of the reverse reaction and 𝐾𝑚𝑝 is the Michaelis constant for the product of the reaction 

(P). 𝑉𝑟𝑒𝑣  and 𝐾𝑚𝑝 are connected to Vmax and 𝐾𝑚𝑆 and the equilibrium constant (𝐾𝑒𝑞) though 

the Haldane relationship. 

Name Kinetic Law 

Hill equation (substrate 

cooperativity) 
𝑣 =

𝑉𝑚𝑎𝑥 · 𝑆ℎ

𝐾ℎ𝑎𝑙𝑣𝑒
ℎ + 𝑆ℎ

 

Competitive inhibition 𝑣 =
𝑉𝑚𝑎𝑥 · 𝑆

𝑆 + 𝐾𝑚𝑆 · (1 +
𝐼
𝐾𝑖𝑐
)
 

Uncompetitive inhibition 𝑣 =
𝑉𝑚𝑎𝑥𝑉 · 𝑆

𝑆(1 +
𝐼
𝐾𝑖𝑢
) + 𝐾𝑚𝑆

 

Mixed inhibition 𝑣 =
𝑉𝑚𝑎𝑥 · 𝑆

𝑆 · (1 +
𝐼
𝐾𝑖𝑢
) + 𝐾𝑚𝑆 · (1 +

𝐼
𝐾𝑖𝑐
)
 

Reversible Michaelis-

Menten 
𝑣 =

𝑉𝑚𝑎𝑥 · 𝑆
𝐾𝑚𝑆

−
𝑉𝑚𝑎𝑥𝑟𝑒𝑣 · 𝑃

𝐾𝑚𝑝

1 +
𝑆
𝐾𝑚𝑆

+
𝑃
𝐾𝑚𝑝

=

𝑉𝑚𝑎𝑥
𝐾𝑚𝑆

· (𝑆 −
𝑃
𝐾𝑒𝑞

)

1 +
𝑆
𝐾𝑚𝑆

+
𝑃
𝐾𝑚𝑝

 

 

Likewise, for bi-substrates and bi-product reactions, several kinetic laws define the kinetic 

properties based on the order in which substrates bind and products are released from the 

enzyme active site. In that regard, there are three basic types of mechanisms5(Table 2): 

• Compulsory-order ternary-complex mechanism: Both substrates bind to the catalytic 

site in a predetermined order forming a ternary complex. 

• Random-order ternary-complex: Both substrates bind to the catalytic site forming a 

ternary complex, but they can bind in any order. 

• Substituted enzyme mechanism: A substrate binds to the enzyme and is released after 

transferring a chemical moiety to the enzyme, next the second substrate binds and 

accepts the chemical moiety from the enzyme.   

Table 2: Kinetic law for bi-substrate reactions. For simplicity, only the kinetic law for irreversible 
reactions are provided. A and B are the concentrations of substrates. For compulsory-order 
ternary-complex and substituted enzyme reaction mechanisms, A is the first substrate to bind to 
the active site. 𝐾𝑖𝐴 , 𝐾𝑖𝐵 are constants specific to bi-substrate reactions. 
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Mechanism Kinetic Law 

Compulsory-order 

ternary-complex 
𝑣 =

𝑉𝑚𝑎𝑥
𝐾𝑖𝐴 · 𝐾𝑚𝑏

· 𝐴 · 𝐵

1 +
𝐴
𝐾𝑖𝐴

+
𝐾𝑚𝐴 · 𝐵
𝐾𝑖𝐴 · 𝐾𝑚𝐵

+
𝐴 · 𝐵

𝐾𝑖𝐴 · 𝐾𝑚𝐵

 

Random-order ternary-

complex 
𝑣 =

𝑉𝑚𝑎𝑥
𝐾𝑖𝐴 · 𝐾𝑚𝐵

· 𝐴 · 𝐵

1 +
𝐴
𝐾𝑖𝐴

+
𝐵
𝐾𝑖𝐵

+
𝐴 · 𝐵

𝐾𝑖𝐴 · 𝐾𝑚𝐵

=

𝑉𝑚𝑎𝑥
𝐾𝑖𝐵 · 𝐾𝑚𝐴

· 𝐴 · 𝐵

1 +
𝐴
𝐾𝑖𝐴

+
𝐵
𝐾𝑖𝐵

+
𝐴 · 𝐵

𝐾𝑖𝐵 · 𝐾𝑚𝐴

 

Substituted enzyme 𝑣 =

𝑉𝑚𝑎𝑥
𝐾𝑖𝐴 · 𝐾𝑚𝑏

· 𝐴 · 𝐵

𝐴
𝐾𝑖𝐴

+
𝐾𝑚𝐴 · 𝐵
𝐾𝑖𝐴 · 𝐾𝑚𝐵

+
𝐴 · 𝐵

𝐾𝑖𝐴 · 𝐾𝑚𝐵

 

 

Enzyme catalyzed reactions with more than two substrates, or products require more complex 

kinetic laws. For such cases, Liebermeister and Klipp developed an approach termed 

convenience kinetics that can be applied for any number of substrates and products. This 

approach assumes a random order mechanism where the affinities of individual reactants do 

not depend on other reactants already bound to the enzyme360. The kinetic law can be written 

as follows for ns substrates and np products: 

𝑣 =

𝑉𝑚𝑎𝑥 ·
1

∏ 𝐾𝑚𝑆𝑖
𝑛𝑠
𝑖

· (∏ 𝑆𝑖
𝑛𝑠
𝑖 −

∏ 𝑃𝑗
𝑛𝑝
𝑗

𝐾𝑒𝑞
)

∏ (1 +
𝑆𝑖
𝐾𝑚𝑆𝑖

)
𝑛𝑠
𝑖 +∏ (1 +

𝑃𝑗
𝐾𝑚𝑃𝑗

)
𝑛𝑝
𝑗

− 1

  

Where,  

S and P are vectors of concentrations for substrate and products, respectively.  

𝐾𝑚𝑆𝑖  and 𝐾𝑚𝑃𝑗  are vectors defining the Michaelis constants for the substrates and product, 

respectively.  

It is worth noting that for an irreversible reaction (𝑃𝑗 = 0) with two substrates, the expression 

is equivalent to a Random-order ternary-complex kinetic law where 𝐾𝑖𝑆 = 𝐾𝑚𝑆.  

However, for enzymes with complex kinetic mechanisms, there are instances when none of the 

pre-defined kinetic laws can be adequate. In such instances, a kinetic law can be derived from 

the kinetic mechanism following the method of King and Altman5. For instance, transketolase 

has a complex reaction mechanism because the enzyme can catalyze multiple reversible 

reactions, and as such specific kinetic laws for such reactions must be derived using King and 

Altman361. Similar to transketolase, ALDOC can catalyze the reversible cleavage of both fructose 



 46  
 

1,6-bisphosphate and fructose-1 phosphate and hence products and substrates for both 

reactions compete for the same active site. As part of this Ph.D. thesis, we derived a kinetic law 

to properly simulate this behavior362. 

1.6.2.2. Parametrizing kinetic laws 

In order for a model to be functional, the parameters in kinetic laws need to be given numerical 

values. Over the years, many of such measurements (particularly Km and Ki) for enzymes of 

central carbon metabolism have been measured in vitro. Such information can be readily 

accessed from BRENDA363 a vast repository of kinetic information which has been extracted both 

manually and through text mining from the literature363. Similarly, equilibrium constants for 

metabolic reactions under physiological conditions, which are critical parameters in reversible 

reactions, can be found both on the literature364 and dedicated databases365.  

However, 𝑉𝑚𝑎𝑥 or any equivalent parameters associated enzyme concentration, cannot be 

generally extracted from the literature as enzyme amounts are dependent on the condition-

specific gene expression program. Vmax can be estimated from in vitro measures of enzyme 

specific activities in cellular or tissue extracts from the condition of study358, but it is not feasible 

to do such measurements for all activities in a sizeable kinetic model. Hence, most of these 

parameters will generally need to be fitted by identifying the set of parameters that minimizes 

the difference between simulated and measured metabolite concentrations and fluxes. In this 

regard, parameter fitting can significantly be enhanced by simulating several conditions and by 

integrating 13C resolved metabolomics. However, very few kinetic models have the capacity to 

integrate 13C data to the fitting procedure361,366, requiring instead many metabolites and flux 

measurements to achieve meaningful fittings63,367.  

1.6.2.3.  Kinetic models of liver metabolism 

Due to its role as the master regulator of metabolisma, over the years, multiple kinetic models 

of hepatocytes have been developed. However, many of them have a relatively small scope 

containing only a small number of reactions and often being limited to a single pathway368–370.  

In the last decade, this trend has begun to change with a model covering most of hepatic central 

carbon metabolism366 and a highly detailed model of the glycolysis, gluconeogenesis and 

glycogen metabolism pathways63. However, a limitation of both models was that neither of them 

was able to dynamically simulate the energy and redox metabolism as they considered both 

ATP, and equivalent metabolites such as GTP or UTP, and NAPD(P)H to be constant. Hence, 

 

a See section 1.4 
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neither model would be able to simulate any perturbation that severely perturbates energy 

metabolism. This would be partially addressed in 2018 with HEPATOKIN1367 a large-scale kinetic 

mode hepatic metabolism capable of dynamically modeling energy and redox dynamics.  

However, the existing models of hepatocyte central metabolism63,366,367 have a limited capacity 

to simulate fructose metabolism as they do not consider the activator effect of fructose 1-

phosphate on GK nor the interdependence of fructose 1,6-bisphosphate and fructose 1-

phosphate cleavage emerging from the fact that both reactions are catalyzed by ALDOB.  

1.6.3. Constraint-based modeling  

As it has been established in the previous section, kinetic models are excellent platforms to 

integrate all the multiple layers of molecular regulation that lead to the emergence of metabolic 

phenotype. However, they are limited by the complexity to build and parameterize kinetics laws 

for large networks beyond central metabolism where little kinetic information might be 

available.  

Furthermore, most systems evolve towards a metabolic steady state where metabolites do not 

accumulate nor deplete; hence the fluxes leading (inputs) and emerging (outputs) from any 

given metabolite must be balanced, and steady-state flux distributions will be largely 

determined by network stoichiometry12. This is the basis of constraint-based modeling, which 

uses the network stoichiometry to simulate steady-state flux distributions371–373. Additional 

constraints in the form of upper and lower bounds for fluxes can also be added. Such bounds 

can be used to integrate thermodynamic constraints (i.e., reversibility of reactions), the 

availability of metabolites in the extracellular media and experimental flux measurements. 

Hence, a constraint-based model can be formulated as follows:  

𝑆 · 𝑣 = 0 , 𝑙𝑏 < 𝑣 < 𝑢𝑏  

Where: 

𝑣 is a vector of steady-state fluxes 

lb and ub are vectors with the upper and lower bounds for fluxes 

This allows formulating the metabolic network as a set of linear equations, that depends only 

on flux values and require no prior knowledge of metabolite concentrations, enzymes amount 

or kinetic and mechanistic properties of enzymes. This makes constraint-based modeling 

particularly suited to studying large metabolic networks such as GSMM (Genome-Scale 
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Metabolic Models). Such linearity also allows solving and analyzing constraint-based models 

using linear programming approaches.  

1.6.3.1. The validity of the steady-state assumption 

As described above, the steady-state assumption is the basis of constraint-based modeling. 

Therefore, it is crucial to define the extent of conditions where this assumption, and by 

extension constraint-based modeling, are applicable. 

The metabolic steady state is defined as the state where all metabolic fluxes and metabolite 

concentrations remain constant in time. Hence, such state can only be truly achieved if 

extracellular metabolite concentrations remain constant. In vitro, this can be achieved in cell 

culture systems where the extracellular medium is continuously replaced by fresh medium but 

not for the most common cell culture systems. However, due to the significant disparity 

between intracellular and extracellular volume in cell cultures, it can generally be assumed that 

intracellular fluxes and concentrations quickly reach a metabolic steady state with respect to 

varying external concentrations. Likewise, changes in enzyme concentrations mediated by gene 

regulatory networks also occur at a much slower time scales than the intracellular metabolic 

transition towards steady state. Hence, with a few exceptions (e.g., metabolites with slow 

dynamics or oscillating systems), at any given point in time, steady state can be generally 

assumed for intracellular metabolites and fluxes. This is known as the quasi-steady-state 

assumption374,375.  

Additionally, cells growing in exponential phase with standard culture medium can generally be 

assumed to be close to a metabolic steady state both for extracellular and intracellular fluxes 

provided that no nutrient from the medium is close to being depleted. This can be easily 

validated by measuring growth rates and extracellular fluxes at multiple time points to confirm 

exponential growth.  

Going beyond the quasi-steady-state assumption, starting from the principle that no metabolite 

can accumulate to excessive concentrations in the cell, then for extended time periods every 

metabolite should be produced, on average at the same rate at which is consumed. Therefore, 

it becomes apparent than the average flux distribution will always be steady-state balanced375.  

Finally, it is worth noting that in proliferating systems, there can be a small deviation from 

steady-state associated with proliferation-induced dilution. In other words, metabolites must be 

slightly overproduced to compensate for the increased intracellular volume associated with 

cellular proliferation in order to maintain constant concentrations. However, for most 

metabolites, such deviation is generally assumed to be negligible. Nevertheless, such dilution 
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can also be corrected through the integration of condition-specific metabolomic 

measurementsa375.   

1.6.3.2. Genome-Scale Metabolic Models (GSMMs) 

The metabolism of any given organism consists mainly of enzyme-catalyzed reactions, which are 

the product of the expression of genes coded in the genome of the organism. Hence the 

metabolic potential of any given organism, the metabolic reactions, and pathways that can 

potentially be active, is determined by the nucleotide sequence of its genome. Then, for any 

organism with a sequenced and sufficiently annotated genome, it is feasible to obtain a 

metabolic network with all possible metabolic reactions for such organism. The resulting 

network is known as a Genome-Scale Metabolic Model (GSMM). A GSMM represents the entire 

known metabolic reaction network and its gene-associations for a given organism372,376. 

Specifically, GSMMs contain the information on:  

• The metabolic network: a set of reactions with defined stoichiometry. Reactions and

metabolites can be distributed across several subcellular compartments and processes

transporting metabolites across compartments are also included. The network

stoichiometry is encapsulated into the stoichiometric matrix.

• Reaction reversibility: whether reactions are reversible (i.e., they can proceed forward

or reverse) in the phycological range of concentrations for substrates and products.

• Gene-protein reaction rules (GPR): a set of rules which indicate the association between

genes and reactions (i.e., which gene products are necessary or sufficient to catalyze an

enzyme-catalyzed reaction). GPR are a set of Boolean rules between genes where the

Boolean operator AND is used to define that two gene products are necessary (i.e., must

form a protein complex) to allow the catalytic activity and the operator OR is used to

indicate that any of the two isoenzymes or protein complexes are sufficient to allow

catalytic activity(Figure 8). The GPR are used to simulate the effect of gene knockouts

(KOs) and provide the framework for integrating gene expression data (transcriptomics

and proteomics) into GSMMs376.

aSee section 1.6.3.3.4 
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Figure 8. Example of the elemental GPR rules 

Additionally, GSMM can also contain annotations that facilitate interpreting the results such as 

metabolite names, metabolite chemical formulas, reaction names, or reaction pathways.  

1.6.3.2.1. Genome-scale metabolic reconstruction 

A genome-scale metabolic reconstruction, the process of building a GSMM, begins from a well-

annotated genome. From gene annotations, metabolic genes are identified using gene ontology 

terms or keywords and then mapped to reactions using enzyme commission numbers377 or 

biochemical databases like KEGG378 or BRENDA363. This process generates an initial draft of the 

network and can be automated379,380. The initial draft must then be curated using biochemical 

databases and available literature to correct for erroneous or missing annotations381. The 

curation involves the following steps:  

• Manual curation of pathways to ensure that pathways reported in databases and the

literature for the target organism are present in the network.

• The balance of charge and mass. First metabolite formulas are corrected to consider the

ionization state of metabolites in physiological pH. Then protons, water or any other

missing metabolites are added to reactions to ensure that both the charge and mass are

conserved between substrates and products in all reactions in the model.

• Adding reactions that are not catalyzed by enzymes (spontaneous reactions).

• Assignment of reactions to a cellular compartment (e.g., cytosol or mitochondrial

matrix). This can be done based on literature, gene ontology annotations for cellular

localization or using computational tools capable of predicting the most likely

localization of an enzyme-based on its amino acid sequence382.

• Assignment of reaction reversibility. This is done based on the literature or by computing

the Gibbs free energy from the formation energies of substrates and products383.

• Removal of gaps and dead ends in the metabolic network (i.e., metabolites that cannot

be produced or consumed).
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Finally, the reconstruction is validated by simulating metabolic functions for the target organism 

reported in the literature. If validation fails, the model is further curated until the model is able 

to simulate the reported functions.  

Over a hundred GSMMs have been built for different species, ranging from Archea to 

Mammals384–388 and among them several reconstructions of human metabolism389–393. If a 

previous reconstruction for a given organism is available, it is frequent to build new GSMMs 

starting from existing reconstructions. For instance, concerning human GSMMs, both Recon2390 

and the Human Metabolic Reaction database (HMR)391 were built starting from Recon1389. 

Likewise, Recon2.2392 was constructed from Recon2 and Recon3D393 was built from Recon2.2 

and HMR391. Similarly, GSMMs can be built starting from reconstructions build for other species 

provided that the genome from any of the species with existent models has high enough 

homology with the genome of the target organism379,380.   

1.6.3.2.2.  Biomass reaction  

A key part of a GSMMs is the biomass reaction, an artificial reaction that represents the demand 

of metabolic energy and building blocks (i.e., amino acids, nucleotides, lipids and carbohydrates) 

needed to produce the macromolecules necessary for growth and proliferation. The coefficients 

of building blocks are derived from the relative abundance of each component in the target 

organism394. For instance, Recon2.2 has the following biomass reaction:  

0.505626 L-alanine + 0.35926 L-argininium + 0.279425 L-asparagine + 0.352607 L-aspartate + 

20.704451 ATP + 0.020401 cholesterol + 0.011658 cardiolipin + 0.039036 CTP + 0.046571 L-

cysteine + 0.013183 dATP + 0.009442 dCTP + 0.009898 dGTP + 0.013091 dTTP + 0.275194 D-

Glucose 6-phosphate + 0.325996 L-glutamine + 0.385872 L-glutamate + 0.538891 Glycine + 

0.036117 GTP + 20.650823 Water + 0.126406 L-histidine + 0.286078 L-isoleucine + 0.545544 L-

leucine + 0.592114 L-lysinium + 0.153018 L-methionine + 0.023315 1-phosphatidyl-1D-myo-

inositol + 0.154463 Phosphatidylcholine + 0.055374 phosphatidylethanolamine + 0.002914 

phosphatidylglycerol + 0.259466 L-phenylalanine + 0.412484 L-proline + 0.005829 

phosphatidylserine + 0.392525 L-serine + 0.017486 sphingomyelin betaine + 0.31269 L-threonine 

+ 0.013306 L-tryptophan + 0.159671 L-tyrosine + 0.053446 UTP + 0.352607 L-valine → 

20.650823 ADP + 20.650823 proton + 20.650823 hydrogenphosphate 

It assumes that the dry weight of a human cell consists of 70.6% protein, 1.4% DNA, 5.8% RNA, 

7.1% carbohydrates and 9.7% lipids. The relative abundance of amino acids and nucleotides was 

derived from analyzing the nucleotide and amino acid sequence of open reading frames in 

humans. Lipid composition was taken from the literature. ATP requirements, other than the 
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small amount needed as nucleotides, were derived from the estimated cost of protein synthesis 

(i.e., 4 ATP per peptidyl bond and an average protein length of 333 amino acids)390.     

Biomass composition can vary between cell types and conditions. Therefore, this equation is 

only an approximation that, ideally, should be modified to accommodate the specific 

requirements of the cell or tissue being modeled. However, given the complexity of measuring 

biomass composition, this is not always feasible. 

1.6.3.3. Using constraint-based modeling to simulate flux distributions at a genome-scale 

In GSMMs there are more reactions than metabolites389–393 and even with directionality 

constraints, the steady-state constraint is generally not enough to obtain a unique valid steady-

state flux distribution. Instead, there is a large space of feasible solutions that satisfy both the 

steady-state and directionality constraints. This has led to the development of several 

approaches that can be applied to narrow the solution space and select the biologically relevant 

solutions for any given condition. For instance, flux balance analysis (FBA) and its derivative 

parsimonious FBA (pFBA) can be applied to identify the solutions that maximize or minimize a 

given set of fluxes representing a biological objective (e.g., proliferation).  

Additionally, a GSMM describes all the metabolic reactions that are possible in a given organism. 

However, in any given condition and cell type, only a subset of metabolic pathways is active. 

Hence, the solution space can be greatly restricted by building a condition-specific GSMM. This 

can be achieved by integrating metabolomics and gene expression measurements 

(transcriptomics or proteomics) in the framework of a generic GSMM such as Recon2.2392(Figure 

9). 

Together, FBA-like approaches coupled with the integration of multiple layers of omics data in 

the framework of GSMMs allow computing metabolic flux distributions and simulating the effect 

of metabolic perturbations at a genome-scale. An overview of the constraint-based modeling 

algorithms that can be used for this purpose is provided in the following sections.   
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Figure 9. Condition-specific constraint-based modeling. From an infinite space of possible flux (v) 
solutions, a feasible solution space which contains possible steady-state solutions is obtained by 
applying the steady-state constraint (s.v=0) and defining the directionality of reactions. From 
such space, a generic optimal solution can be obtained through FBA by optimizing a biologically 
desirable phenotype such as proliferation. Alternatively, a condition-specific solution space can 
be obtained by integrating condition-specific omics like transcriptomics, proteomics or 
metabolomics. Finally, FBA can be performed in the solution space to select the condition-specific 
optimal solution(s).  
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1.6.3.3.1. Flux balance analysis (FBA) 

FBA is the most widespread application of constraint-based modeling. FBA is based on the 

assumptions that living organisms have evolved towards maximum efficiency and hence will 

tend to have flux distributions that optimize a desirable trait. Accordingly, FBA identifies the 

steady-state flux distribution that maximizes or minimizes a set of reaction fluxes which 

represent a biological objective deemed desirable for the conditions of study. For highly 

proliferating models, such as cancer cells, the optimized attribute is generally proliferation and 

growth. This is represented by maximizing the flux through the biomass reaction. For non-

proliferating systems, ATP production can be optimized (i.e., maximize energetic efficiency). 

Alternatively, tissue-specific fluxes can be maximized or minimized (e.g., maximizing ammonia 

detoxification or bile acid synthesis to simulate liver metabolism)371–373,395.  

The FBA optimization can be formulated as follows: 

  

𝐹𝐵𝐴𝑜𝑝𝑡 = max  (𝑣 · 𝑐)      

Subject to:  

𝑠 · 𝑣 = 0 

𝑙𝑏 ≤ 𝑣 ≤ 𝑢𝑏 

where:  

 𝑐 is a vector defining the maximization or minimization weight for each reaction flux. Positive 

coefficients indicate that the reaction will be maximized, whereas negative objective coefficients 

indicate that a reaction will be minimized. Reactions with an objective coefficient of 0 will 

neither be maximized or minimized.  

𝐹𝐵𝐴𝑜𝑝𝑡  is the optimal value of the FBA objective.  

FBA has two significant limitations. The first limitation lays on the difficulty of defining an 

appropriate set of fluxes to be maximized for the condition and cell or tissue under study. While 

it can be assumed that most living systems aim towards an optimal phenotype, this metabolic 

phenotype can sometimes be complex to simulate through a set of fluxes to be maximized or 

minimized. The second limitation is that there is usually a space of solutions that can be optimal. 

Such space emerges both from having redundant pathways and from pathways the activity of 
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which does not affect the objective. This solution space can either be evaluated using flux 

variability analysis(FVA)396 or, alternatively, reduced using pFBA397. 

1.6.3.3.2.  Flux variability analysis (FVA) 

FVA evaluates the possible range of variation for each flux under FBA396. It consists of solving 

two optimization problems for each flux of interest. One optimization problem finds the 

maximum feasible flux value(vmax𝑖
𝐹𝑉𝐴): 

  vmax𝑖
𝐹𝑉𝐴 = max  𝑣𝑖       

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑠. 𝑣 =  0 , 𝑙𝑏 ≤ 𝑣 ≤ 𝑢𝑏, 𝑣 · 𝑐 ≥ 𝐹𝐵𝐴𝑜𝑝𝑡 · (1 − 𝑇
𝐹𝐵𝐴) 

And the second optimization problem finds the minimal feasible flux value (vmin𝑖
𝐹𝑉𝐴) 

vmin𝑖
𝐹𝑉𝐴 = min  𝑣𝑖     

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑠. 𝑣 =  0 , 𝑙𝑏 ≤ 𝑣 ≤ 𝑢𝑏, 𝑣 · 𝑐 ≥ 𝐹𝐵𝐴𝑜𝑝𝑡 · (1 − 𝑇
𝐹𝐵𝐴) 

Where:  

𝑇𝐹𝐵𝐴:  Is the tolerance of the primary FBA objective (i.e., how much can the solution deviate 

from the optimal FBA solution). 

vmini
FVA: is the minimum flux value allowed for flux i with tolerance 𝑇𝐹𝐵𝐴 ; 

vmaxi
FVA: is the minimum flux value allowed for flux i if tolerance 𝑇𝐹𝐵𝐴; 

The result of FVA is the minimum (vmini
FVA) and maximum (vmaxi

FVA) value allowed for each flux, 

which provides a direct estimation of the FBA solution space with the current objective (c). When 

all objective coefficients are set to 0 or T is set to 1, FVA can be used to compute the range of 

feasible fluxes with a set of constraints (i.e. 𝑙𝑏 , 𝑢𝑏). In this instance, FVA can also be referred to 

as flux spectrum analysis (FSA)398. 

1.6.3.3.3. Parsimonious flux balance analysis (pFBA)  

pFBA397 consists on running a second optimization in the optimal FBA solution space to select 

the solution(s) that allow achieving the optimal FBA objective with less total reaction flux. pFBA 

assumes that biological systems will tend towards solutions that minimize total reaction flux as 

they will generally require less total enzyme amount to be achieved. Hence, pFBA selects the 

most efficient solution(s) within the space of optimal FBA solutions.  

As the objective of pFBA is to minimize absolute flux values, the model must be first converted 

into an irreversible GSMM where all reactions have a positive value. This is achieved by splitting 
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each reversible reaction into a forward and backward reaction. Then pFBA can be performed on 

the irreversible GSMM as follows:  

min  ∑𝑣𝑖
𝑖𝑟𝑟𝑒𝑣

𝑖

      

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ∶ 

𝑣𝑖𝑟𝑟𝑒𝑣 · 𝑐𝑖𝑟𝑟𝑒𝑣 = 𝐹𝐵𝐴𝑜𝑝𝑡  

𝑠𝑆𝑖𝑟𝑟𝑒𝑣 . 𝑣𝑖𝑟𝑟𝑒𝑣  =  0 , 𝑙𝑏𝑖𝑟𝑟𝑒𝑣 ≤ 𝑣𝑖𝑟𝑟𝑒𝑣 ≤ 𝑢𝑏𝑖𝑟𝑟𝑒𝑣  

Where,  

𝑠𝑖𝑟𝑟𝑒𝑣 , 𝑣𝑖𝑟𝑟𝑒𝑣 , 𝑙𝑏𝑖𝑟𝑟𝑒𝑣 , 𝑐𝑖𝑟𝑟𝑒𝑣  are the stoichiometric matrix, steady-state flux distributions, lower 

bounds, upper bounds and objective coefficients for the irreversible model respectively.  

1.6.3.3.4. Integrating metabolomics  

Metabolomics, understood as concentration measurements for extracellular or intercellular 

metabolites, can be integrated into GSMMs to build condition-specific GSMMs consistent with 

such measurements. Extracellular metabolomics measured at different time points can be used 

to constrain the extracellular fluxes (i.e., rates of uptake of secretion for extracellular 

metabolites) defined in the GSMM. For non-proliferating systems such rates can be estimated 

as follows224:  

𝑣𝑀𝑒𝑥 =
𝑀1 −𝑀0
𝑁 · (𝑡1 − 𝑡0)

      

Where: 

𝑀1 and 𝑀0 are metabolite abundances measured at time points t1 and t0, respectively;  

N is the total cell number.  

 𝑣𝑀𝑒𝑥  is the estimated rate at which the metabolite M is produced/consumed per cell.  

For proliferating systems, the rate at which metabolites are consumed or produced per cell 

depends on the growth rate and can be computed as follows:  

𝜇 =
𝑙𝑛 (

𝑁1
𝑁0
)

𝑡1 − 𝑡0
      

𝑣𝑀𝑒𝑥 =
𝑀1 −𝑀0
𝑁1 − 𝑁0

· 𝜇      
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Where  

𝜇 is the growth rate  

𝑁1 and 𝑁0 are the cell numbers measured at time points t1 and t0, respectively.  

Furthermore, in proliferating systems, metabolomics measured in the cellular pellet can be 

integrated with the growth rate to account for the dilution associated with proliferationa. In the 

framework of constraint-based modeling, this can be represented by adding a sink reaction (i.e., 

a reaction consuming the measured metabolites). Such reaction constraints the model to have 

net production of the measured metabolite to maintain the concentrations of such metabolite 

constant while proliferating375.  

𝑣𝑀𝑠𝑖𝑛𝑘 = 𝑀 · 𝜇      

Where:  

𝑣𝑀𝑠𝑖𝑛𝑘  is the flux through the sink reaction for metabolite M.  

1.6.3.3.5. Integrating gene expression 

As described in section 1.2.1.2, a key component of metabolic regulation emerges from the 

enzymes expressed in a given condition. Hence, a crucial part of building condition-specific 

GSMMs is integrating gene expression measurements (e.g., transcriptomics or proteomics). In 

the framework of GSMM, such measures can easily be mapped to metabolic reactions using 

GPR399,400. Then, algorithms, such as iMAT or GIMME, can be applied to identify the flux 

distribution(s) most consistent with the gene expression profile in a given condition392,400–404.  

1.6.3.3.5.1. Integrative Metabolic Analysis Tool (iMAT) 

 iMAT (Integrative Metabolic Analysis Tool)399,401 is an algorithm that seeks to identify the map 

of active/inactive enzyme-catalyzed reactions most consistent with gene expression data. iMAT 

classifies reactions as either lowly expressed or highly expressed if they have a gene expression 

value above a “high expression threshold” or below a “low expression threshold”, respectively. 

The iMAT optimization maximizes both:  

a) The number of reactions catalyzed by highly expressed enzymes (hex) which are active  

b) The number of reactions catalyzed by lowly expressed enzymes (lex) which are inactive 

 

a See section 1.6.3.1 
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Enzymes are defined as active if they carry flux above a given threshold (𝜀ℎ𝑒𝑥) and inactive if 

they carry flux below a certain threshold (𝜀𝑙𝑒𝑥).  

This can be formulated as the following mixed linear integer problem:  

𝑖𝑚𝑎𝑡𝑜𝑝𝑡 = max( ∑ (𝑏𝑖
ℎ𝑒𝑥+ + 𝑏𝑖

ℎ𝑒𝑥−) 

𝑖∈ ℎ𝑒𝑥

+ ∑ 𝑏𝑖
𝑙𝑒𝑥

𝑖∈ 𝑙𝑒𝑥

) 

Subject to:  

𝑠 · 𝑣 = 0 

𝑙𝑏 ≤ 𝑣 ≤ 𝑢𝑏 

𝑣𝑖 + 𝑏𝑖
ℎ𝑒𝑥+(𝑙𝑏𝑖 − 𝜀) ≥ 𝑙𝑏𝑖   , 𝑖 ∈  ℎ𝑒𝑥 

𝑣𝑖 + 𝑏𝑖
ℎ𝑒𝑥−(𝑢𝑏𝑖 + 𝜀) ≤ 𝑢𝑏𝑖   , 𝑖 ∈ ℎ𝑒𝑥 

𝑙𝑏𝑖(1 − 𝑏𝑖
𝑙𝑒𝑥) ≤ 𝑣𝑖 ≤ 𝑢𝑏𝑖(1 − 𝑏𝑖

𝑙𝑒𝑥)  , 𝑖 ∈ l𝑒𝑥 

 

𝑏𝑖
ℎ𝑒𝑥 , 𝑏𝑖

𝑙𝑒𝑥 ∈ {0,1} 

 

where, 

𝑖𝑚𝑎𝑡𝑜𝑝𝑡  is the optimal value of the iMAT objective 

𝑏𝑖
ℎ𝑒𝑥+ and 𝑏𝑖

ℎ𝑒𝑥− are the binary variable associated with highly expressed reaction i. 𝑏𝑖
ℎ𝑒𝑥+ is 

associated with positive flux values and can only be 1 if 𝑣𝑖 is larger than 𝜀. Conversely, 𝑏𝑖
ℎ𝑒𝑥− can 

only be 1 if 𝑣𝑖 is lower than -𝜀. 

𝑏𝑖
𝑙𝑒𝑥 is the binary variable associated with lowly expressed reaction i. It can only be 1 if 𝑣𝑖 is 0. 

iMAT has several inherent limitations. The first limitation is that the resulting flux distribution is 

overly dependent on 𝜀. Additionally, the binary approach used to classify reactions as highly 

expressed or lowly expressed is also highly dependent on the gene expression thresholds used 

and is unable to integrate differences of gene expression above the high expression threshold 

or below the low gene expression threshold. Because of this, iMAT will only be able to generate 

differentiated reconstructions for cell types with profoundly different gene expression profile 

(e.g., from different tissues). This is because in conditions with similar gene expression profiles 

it is unlikely that many (if any) enzymes will switch from being highly expressed to being lowly 
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expressed and only a handful of enzymes will move below or above the high or low expression 

threshold. 

1.6.3.3.5.2. Gene Inactivity Moderated by Metabolism and Expression (GIMME) 

The GIMME400 (and its derivative GIM3E405) is an algorithm that applies the flux minimization 

approach of pFBA using gene expression data to give greater weight to the minimization of fluxes 

through reactions catalyzed by lowly expressed enzymes. The minimization weight for each 

reaction is defined as follows:  

𝑤𝑖 = max(𝑔𝑒
𝑡ℎ − 𝑔𝑒𝑖 , 0)  

where,  

𝑔𝑒𝑖 is the gene expression value of reaction i. 

𝑔𝑒𝑡ℎ is the gene expression value below which reactions will be penalized. To maximize the 

information extracted from gene expression data such a threshold can be set at the maximum 

expression value found in metabolic reactions405.  

𝑤𝑖 is the minimization weight for reaction i 

Then, the GIMME solution is obtained by solving the following linear programming problem.  

GIMME𝑜𝑝𝑡 = min  ∑𝑤𝑖 · 𝑣𝑖
𝑖𝑟𝑟𝑒𝑣 

𝑖

      

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜: 

𝑣𝑖𝑟𝑟𝑒𝑣 · 𝑐𝑖𝑟𝑟𝑒𝑣 = 𝐹𝐵𝐴𝑜𝑝𝑡 · (1 − 𝑇
𝐹𝐵𝐴) 

𝑆𝑖𝑟𝑟𝑒𝑣 . 𝑣𝑖𝑟𝑟𝑒𝑣  =  0 , 𝑙𝑏𝑖𝑟𝑟𝑒𝑣 ≤ 𝑣𝑖𝑟𝑟𝑒𝑣 ≤ 𝑢𝑏𝑖𝑟𝑟𝑒𝑣 

Where, 

 GIMME𝑜𝑝𝑡  is the optimal value of the GIMME objective.  

Additionally, a similar approach to FVA can be applied to estimate the range of flux solutions 

compatible with a given tolerance for the GIMME objective405.  

Compared to iMAT, GIMME has less reliance on arbitrary thresholds and is generally a better 

choice for building quantitative flux maps. However, it will also struggle at generating differential 

flux distributions in conditions with similar gene expression profiles.  



60 

1.6.3.4. GSMMs in cancer drug discovery 

Analyzing GSMMs in the framework of constraint-based modelling has a wide array of 

biotechnological and biomedical applications406,407. Indeed, cancer-specific GSMM have received 

particular interest as platforms for identifying putative metabolic targets that can be used in 

therapies against cancer371,408. In this regard, two approaches can be taken: 1) identifying 

metabolic vulnerabilities that selectively kill cancer cells404,409–411 or 2) identifying metabolic 

features that can be targeted to revert cancer progression403,412.   

1.6.3.4.1.  Identifying cancer metabolic vulnerabilities: Essential and synthetic lethal genes 

Metabolic vulnerabilities of cancer cell are closely associated with essential and synthetic lethal 

gene pairs. Essential genes are defined as genes whose function is required for cell survival in a 

given condition. Conversely, a set of genes are synthetic lethal if the isolated loss of function on 

any of them is compatible with cell viability, but the simultaneous mutation of all genes in the 

set is lethal376. Hence, cancer-specific essential and synthetic lethal genes represent 

vulnerabilities that can be targeted to selectively kill cancer cells376,409. Furthermore, they can 

also provide a greater understanding of cancer biology and its dependencies413,414.  

With the goal of identifying such dependencies, systematic knockdown of genes have been 

performed for some cancer cell lines, although limited to a subset of genes413,414. To date, the 

most comprehensive screening is project DRIVE (deep RNAi interrogation of viability effects in 

cancer) in which 7837 human genes were targeted in 398 cancer cell lines414. Synthetic lethal 

gene pair screenings have also been performed; however they are limited to a small set of the 

total possible gene combinations415–417. In this regard, SynLethDB a database that gathers 

reported synthetic lethal information from the literature has reported only a total of 16196 

synthetic lethal gene pairs for human cell lines418.  

In this regard, GSMMs have emerged as in silico platforms where putative metabolic essential 

and synthetic lethal genes can be identified without requiring large scale in vitro gene 

screenings. For instance, Folger et al. used a cancer-specific GSMM reconstruction that 

identified 52 potential drug targets, many of which were targets of known anticancer drugs409. 

Likewise, Agren et al. built patient-specific GSMMs of hepatocellular carcinoma and identified 

101 potential drug targets410.  

To predict essential and synthetic lethal genes using GSMMs, GPR rules are used to predict which 

reactions will be blocked when a given set of genes is inactivated (gene KO), and constraint-

based modeling is used to evaluate its effect on growth and proliferation (i.e., biomass reaction). 

There are primarily three constraint-based modeling approaches that can be used to simulate 
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the effect of gene KO in the framework of GSMM: FBA, Minimization of metabolic adjustment 

(MOMA) and minimal cut set analysis (MCS).  

1.6.3.4.1.1. Simulating gene KOs with FBA  

A gene KO can be simulated by running FBA with the reactions predicted to be inactive 

(𝐾𝑂𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛𝑠) constrained to have a flux value of 0.  

  

𝐹𝐵𝐴𝑜𝑝𝑡
𝐾𝑂 = max  (𝑣 · 𝑐)   

Subject to:  

𝑣𝑖 = 0 , 𝑖 ∈  𝐾𝑂𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛𝑠  

𝑆 · 𝑣 = 0, 𝑙𝑏 ≤ 𝑣 ≤ 𝑢𝑏 

Where:  

𝐹𝐵𝐴𝑜𝑝𝑡
𝐾𝑂  is the optimal value of the biological objective after inducing the KO 

A gene is considered essential if 𝐹𝐵𝐴𝑜𝑝𝑡
𝐾𝑂  is lower than a predefined threshold (e.g. 10% of 

𝐹𝐵𝐴𝑜𝑝𝑡)  

Simulating a KO using FBA assumes that the target cell will reprogram the metabolism to find 

the optimal flux distribution after the KO. The essential genes and synthetic lethal predicted 

under this method are vulnerabilities inherent of the condition-specific GSMM used and do not 

consider the initial flux state nor the complexity of readjusting the metabolism after the gene 

KO.  

1.6.3.4.1.2. Simulating gene KO with Minimization of Metabolic Adjustment (MOMA) 

Minimization of metabolic adjustment (MOMA) is a method to simulate the effect of a gene KO 

assuming that when subjected to gene KO, metabolic fluxes will readjust to a state that requires 

the minimal redistribution with respect to the flux configuration prior to the perturbation (i.e., 

wild type flux distribution)419. This can be achieved by solving a quadratic linear programming 

problem that seeks the flux distribution that minimizes the distance between the wild type flux 

distribution and the flux distribution after inactivating the reactions associated to the gene KO:  

𝑀𝑖𝑛 ∑(𝑣𝑖
𝑤𝑡 − 𝑣𝑖)

2

𝑖

 

Subject to:  



 62  
 

𝑣𝑖 = 0 , 𝑖 ∈  𝐾𝑂𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛𝑠  

𝑆 · 𝑣 = 0 , 0 < 𝑙𝑏 < 𝑣 < 𝑢𝑏 

Where 𝑣𝑖
𝑤𝑡 is a reference (i.e., wild type) steady-state flux distribution before the gene KO. Such 

distribution can be obtained by any constraint-based modeling technique such as FBA, pFBA or 

GIMME.  

Unlike when gene KO are simulated with FBA, flux distributions simulated with MOMA are not 

necessarily optimal. The basis of MOMA is that although the assumption of optimality for a wild-

type cell is justifiable due to natural or clonal selection, this may not be valid for and induced KO 

not yet subjected to long-term natural or clonal selection419.  

Predicting essential genes or synthetic lethal sets with MOMA will always provide at least the 

same essential genes or synthetic lethal predicted by FBA plus additional essential or synthetic 

lethal genes that will depend on the initial flux distribution. Hence, the accuracy of such 

predictions will significantly depend on the reference flux distribution used.  

1.6.3.4.1.3. Minimal Cut Sets analysis (MCS) 

MCS analysis is an alternative to FBA and MOMA to predicting essential genes and synthetic 

lethal sets. MCS are minimal sets of reactions or genes whose removal blocks a target 

reaction420,421. Essential genes and synthetic lethal gene sets can be considered as MCSs 

targeting a reaction(s) required for survival or proliferation (e.g., biomass reaction).  

MCSs can be computed by formulating the dual problem of a constraint-based problem and 

computing its “elementary flux modes” (i.e., the minimal set of non-zero variables that allow a 

valid solution). As per the Farkas Lemma theorem if there exists a solution for the primal 

problem there can be no solution to the dual problem. Hence the “elementary flux modes” of 

the dual problem will be MCSs of the constraint-based problem420–422.  

MCS analysis predicts only the essential and synthetic lethal genes that emerge from the 

stoichiometry of the network. Hence, unlike FBA or MOMA it cannot predict essential or 

synthetic lethal genes that emerge from limited enzyme capacity (i.e., maximum flux 

boundaries), limited availability of substrates or measured metabolic fluxes. However, MCS 

analysis is much more computationally efficient at finding synthetic lethal sets with more than 

two members than a systematic search using FBA or MOMA since the number of combinations 

to evaluate with the latter methods growths exponentially with set size.  
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1.6.3.4.2. Targeting metabolic features associated with cancer progression: The metabolic 

transformation algorithm 

The metabolic transformation algorithm (MTA) is an algorithm that can be used to identify the 

best therapeutic interventions to switch from a source state to a desirable metabolic state423. 

As such, one of its many applications is to identify therapeutic interventions that can attenuate 

an aggressive cancer phenotype (e.g., a CSC phenotype) by inducing a metabolic switch to the 

metabolic phenotype of a less aggressive cell population412. Unlike essential and synthetic lethal 

genes, such targets might not necessarily kill the analyzed cancer cells; however, by attenuating 

their aggressiveness, they might increase their sensitivity to radiotherapy or chemotherapy.  

MTA achieves this by integrating transcriptomics to identify pathways coordinately upregulated 

or downregulated at the gene expression level and then identifying the therapeutic 

interventions (i.e., gene KOs) that facilitate such switch.  More specifically, the list of reactions 

that should increase (𝑅𝑓) or decrease (𝑅𝑏) to switch from the source state to target state are 

obtained by mapping differentially expressed genes between both conditions to GSMMs 

reactions using the GPR. Then, the switch from the source condition (with a reference flux 

distribution 𝑣𝑖
𝑟𝑒𝑓

) to the target condition (𝑣𝑖
𝑀𝑇𝐴) is simulated by maximizing the number of 

reactions that switch in the desired direction while minimizing the variation in reactions that are 

not differentially expressed(𝑅𝑢). To evaluate the capacity of a gene KO to facilitate the switch, 

such optimization is performed with the reactions associated with such gene inactivated. 

min  ((1 − 𝛼) ∑(𝑣𝑖
𝑟𝑒𝑓
− 𝑣𝑖

𝑀𝑇𝐴)
2
+

𝑖∈𝑅𝑢

𝛼

2
∑ 𝑦𝑖 +

𝑖∈𝑅𝑓

𝛼

2
∑ 𝑦𝑖
𝑖∈𝑅𝑏

) 

Subject to:  

𝑠 · 𝑣𝑖
𝑀𝑇𝐴 = 0  

𝑙𝑏 < 𝑣𝑀𝑇𝐴 < 𝑢𝑏  

𝑣𝑖
𝑀𝑇𝐴 = 0 , 𝑖 ∈  𝐾𝑂𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛𝑠  

𝑣𝑖
𝑀𝑇𝐴 − 𝑦𝑖

𝐹 · (𝑣𝑖
𝑟𝑒𝑓
+ 𝜀) − 𝑦𝑖 · 𝑙𝑏𝑖 ≥ 0 , 𝑖 ∈ 𝑅𝑓 

𝑦𝑖
𝐹 + 𝑦𝑖 = 1, 𝑖 ∈ 𝑅𝑓  

𝑣𝑖
𝑀𝑇𝐴 − 𝑦𝑖

𝐵 · (𝑣𝑖
𝑟𝑒𝑓
− 𝜀) − 𝑦𝑖 · 𝑢𝑏𝑖 ≤ 0 , 𝑖 ∈ 𝑅𝑏 

𝑦𝑖
𝐵 + 𝑦𝑖 = 1, 𝑖 ∈ 𝑅𝑏  
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𝑦𝑖
𝐹 , 𝑦𝑖

𝐵 , 𝑦𝑖 ∈ {0,1}  

Where,  

𝛼 is the weight given to the reactions that should increase or decrease and 𝛼-1 the weight given 

to reactions that should remain unchanged.  

𝑦𝑖 is a binary variable that is 1 when upregulated/downregulated reactions are not changing in 

the target direction. 

𝜀 is the minimum flux change to consider that a reaction has moved in the desired reaction.  

Such optimization is repeated for all genes of interest, which are then ranked based on the 

capacity to facilitate the switch form the target state to the source state423.  

MTA was further refined by Valcárcel et al. who increased the robustness of the technique by 

also considering the worst-case scenario and MOMA to score the potential targets403. The worst-

case scenario consists of running MTA inverting the list of upregulated/downregulated genes 

and allows to determine the capacity to move “away” from the target state with a given gene 

KO. They termed their approach robust MTA (rMTA). By integrating both MOMA and the worst-

case scenario in the scoring functions, rMTA can more robustly identify the targets that have a 

greater propensity to facilitate the transition towards the target state.  

Compared to other approaches that integrate gene expression like GIMME or iMAT, the benefit 

of MTA and rMTA is that they can integrate differential gene expression data between the 

conditions of study (i.e., the list of genes that are over or underexpressed)  and hence can better 

represent the more subtle variations between conditions.  

Nevertheless, a potential limitation of both MTA and rMTA is that there can potentially be more 

than one optimal solution to the MTA optimization problem. The multiplicity of solutions arises 

from the 
𝛼

2
∑ 𝑦𝑖 +𝑖∈𝑅𝑓

𝛼

2
∑ 𝑦𝑖𝑖∈𝑅𝑏  component of the problem as any upregulated/downregulated 

reactions with a variation above/below 𝜀 will contribute equally to the objective function 

regardless of their flux value. This can potentially affect the ranking of potential gene targets, 

leading to some genes being over-scored.  

 

1.6.4. 13C resolved metabolomics and 13C MFA 

As it has been established in the previous sections, the accuracy of both kinetic modeling and 

constraint-based modeling is largely dependent on the integrated experimental data. For 
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instance, metabolite concentrations in the extracellular media taken at multiple time points can 

be used to constrain the rates of uptake and secretion of metabolites (i.e., extracellular fluxes) 

of the system under study. However, intracellular fluxes cannot be so readily estimated from 

metabolite concentrations alone as they are not informative of the fluxes leading to and 

emerging from them2,424,425. This limitation led to the development of stable isotope-resolved 

metabolomics (SIRM).  

In SIRM, a biological system is fed with one or more metabolic substrates labeled with stable 

heavy isotopes (e.g., 13C, 15N or 2H). These labeled molecules, usually referred to as tracers, are 

metabolized by the system of interest through different metabolic pathways and propagate at 

a time, flux and pathway-dependent manner, generating characteristic labeling patterns. 

Hence, the labeling pattern of a given metabolite can provide information about the fluxes 

through the pathways leading to such metabolite. In this regard, 13C resolved metabolomics (i.e., 

using tracers enriched with 13C) are widely used to infer the flux through central carbon 

metabolism (Figure 10)355,426.  

The propagation of 13C, or any other stable isotopes, from tracers to metabolites is quantified 

by isotope-sensitive analytical techniques, namely nuclear magnetic resonance (NMR)427,428 and 

mass spectrometry (MS). Whereas NMR quantifies the abundance of positional isotopomers, 

MS quantifies the relative abundance of isotopologues (i.e., isomers with a specific number of 

13C substitutions)429. 13C isotopologues for a given metabolite or metabolite fragment are usually 

denoted as Mi where i is the number of 13C substitutions.  

Additionally, an essential step for 13C resolved metabolomics is to correct for natural heavy 

isotope enrichment. The need for such step emerges because certain isotopes occur naturally 

with significant frequency (e.g., 4.3% for 34S and 1.1% for 13C) and their effect might be 

indistinguishable from the artificially enriched 13C from the tracera. This correction can be 

performed with dedicated software430–432.  

aWith NMR or very high resolution MS599, 13C can be distinguished from other naturally occurring isotopes 
(e.g., 15N or 34S). However, data should still be corrected for natural 13C enrichment.   
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Figure 10. Different pathways differentially propagate 13C. Example of a simple model of 13C 
propagation from [1,2-13C]-glucose and how the flux through pyruvate carboxylase (PC) or 
pyruvate dehydrogenase (PDH) results on differentiated label pattern on TCA cycle 
intermediates. In this regard, measured isotopologues in glutamate fragments can be 
informative of the ratio between PC and PDH.  

Label patterns, corrected for natural enrichment, can be analyzed to trace intracellular 

metabolic fluxes. Generally, the analysis falls into three categories: substrate contribution, 

pathway activity analysis and 13C MFA355,425,426. While the first two approaches make local flux 

predictions integrating a small set of label patterns, 13C MFA is a more powerful approach that 

can integrate large sets of measured label patterns and extracellular fluxes to identify network-

wide flux distributions. 
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1.6.4.1. 13C MFA 

13C MFA integrates 13C resolved-metabolomics data in the framework of Systems Biology to 

estimate the underlying flux distribution. More precisely, 13C MFA uses a mathematical model 

to identify the intracellular flux distributions in a given metabolic network most consistent with 

the measured label patterns and extracellular fluxes355,426. At its core, a 13C MFA model 

comprises a metabolic model coupled to a label propagation model. The metabolic model 

consists of a set of metabolite balance equations built from the stoichiometry of the metabolic 

network. The label propagation model consists of a set of positional isotopomer/isotopologue 

balance equations built from integrating the stoichiometry of the metabolic network with the 

relevant carbon mappings (i.e., how carbon atoms are rearranged from substrates to products) 

(Figure 11). The balance equations can be built either around positional isotopomers or around 

isotopologues using the EMU (elementary metabolite unit) approach. The latter identifies the 

minimum amount of information needed to simulate the experimentally measured 

isotopologue fractions355,424,426.  

There are several variants of 13C-based MFA depending on whether metabolic steady state or 

isotopic steady state (i.e., a state where label patterns are stable in time) are assumed.  

In stationary 13C MFA, often merely called 13C MFA, the system is solved assuming both 

metabolic steady-state and isotopic steady state (i.e., both metabolite concertation and 

isotopologue fractions are constant in time). Under this approach, isotopologue or positional 

isotopomers balances are solved as a system of non-linear equations, using a steady-state flux 

distribution and a set of labeled substrates as input, to obtain steady-state 

isotopologue/positional isotopomer distributions355,424,426. An advantage of this approach is that 

is it does not need an estimation of the size of metabolite pools (i.e., metabolite concentrations) 

and can work directly with fractional isotopologue/positional isotopologue abundances (Figure 

12). 

On the other hand, isotopically nonstationary 13C MFA assumes a metabolic steady-state but not 

an isotopic steady-state. In this analysis, isotopologue distributions are simulated by solving 

isotopologue/positional isotopomer balances as a system of ordinary differential equations 

(ODEs) from the initial time to the experimental endpoint. Such a system depends not only on 

flux distribution but also on the size of each metabolite pool, which also needs to be estimated 

through iteration354,426,433. 
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Figure 11. Example of 13C balance equations in a toy metabolic network. In this toy metabolic 
network, two mono-carbon metabolites (Ca and Cb) are condensed into a bi-carbon metabolite 
(Ca-Cb) through a reaction with a flux v1. Metabolite Ca-Cb is removed from the system at a rate 
of v2. Ca and Cb are assumed to be a constant input. 13C MFA problems are formulated with either 
isotopologue balances or positional isotopomer balances, here both are shown for comparison. 
“[ ]” is used to denote concentration and [Mx] to indicate the concentration of isotopologues 
with x number of 13C substitutions.  
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Figure 12. Stationary 13C MFA. An example of stationary 13C MFA for the toy model of Figure 11. 
For simplicity, the problem is formulated only with isotopologue fractions. Working in isotopic 
steady state allows working with isotopologue fractions (Mx) rather than isotopologue 
concentrations.  

This approach allows working with systems that have yet to reach isotopic steady-state and to 

estimate fluxes with greater precision than stationary 13C MFA. This can be relevant because 

isotopic steady-state can require a significant amount of time to be reached for metabolites with 

large pools or with small fluxes from the tracer. However, to take advantage of it, label patterns 

must be measured at multiple time points before isotopic steady-state is reached, which results 

in an increased experimental workload354,426,433. Because both stationary 13C MFA and 

isotopically nonstationary 13C MFA work under metabolic steady-state, constraint-based 

modeling is used to compute steady-state flux distributions in both approaches. 

Conversely, dynamic 13C MFA assumes neither isotopic nor metabolic steady-state and uses a 

kinetic model, that simulates the evolution of metabolite concentrations and metabolic fluxes 

in time, coupled to a system of ODEs for isotopologue/positional isotopomer balances (Figure 

13)355,434,435. Compared to the other two 13C MFA approaches, dynamic 13C MFA is able to
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simulate systems outside of the metabolic steady state. A limitation of dynamic 13C MFA is that 

it is far more computationally complex to solve than nonstationary 13C MFA. A second limitation 

to dynamic 13C MFA lays on the complexity of building and parameterizing an adequate set of 

kinetic laws as well as on the limited offer of software capable of dynamic MFA analyses354,436.  

Figure 13. Dynamic 13C MFA. An example of dynamic 13C MFA for the toy model of Figure 11. As 
an example, reactions 1 and 2 are assumed to have random order ternary-complex and a 
Michaelis Menten kinetic laws, respectively. The kinetic model and the ODE for isotopologue 

balances are solved simultaneously as a single system of ODEs. 

Regardless of the type of analysis, the label propagation model takes a set of fluxes generated 

by the metabolic model and simulates the expected label patterns associated with such flux 

distribution for the tracer used in the experiment; this is referred as the MFA forward problem. 

However, in 13C MFA the goal is to estimate the flux distributions from a set of measured label 

patterns; this is referred to as the MFA inverse problem. As analytical solutions to this inverse 

problem are only possible for straightforward systems, the solution of an inverse 13C MFA 

problem is usually determined by an iterative fitting procedure. In this procedure, fluxes and 

other model parameters are iteratively varied seeking the set that minimizes the difference 

between simulated and experimental isotopologue abundances355,424,426. More specifically, a 13C 

MFA optimization can be formulated as follows: 

𝑋𝑜𝑝𝑡 = 𝑚𝑖𝑛 ∑(
𝐸𝑗 − 𝑌𝑗(𝑝)

𝜎𝑗
)

2

𝑗

where, 
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p is the vector of free fluxes or kinetic model parameters that are iteratively fit;  

𝑋𝑜𝑝𝑡  is the optimal value of the 13C MFA objective; 

Ej is the experimentally quantified fraction for isotopologue j;  

Yj(v) is the simulated isotopologue fraction for isotopologue j with p. 

However, there is usually not a unique solution to an MFA problem. Instead, there is a space of 

valid flux solutions and parameter values that can be consistent with the measured isotopologue 

abundances. This space of solutions can be evaluated by computing the confidence intervals for 

fitted parameters or flux values437. The width of the confidence intervals for any given flux will 

depend on the complexity of the metabolic network, the measured extracellular fluxes, the 

metabolites and time points where label patterns have been measured and the tracer(s) used in 

the experiment.  

Indeed, in large metabolic networks and when a small set of 13C data is integrated, the 

confidence intervals can be too wide to draw meaningful conclusions about the underlying flux 

distributions438–440. This can be overcome by simplifying the metabolic network, which can 

potentially create an arbitrary bias, or integrating data from parallel experiments, each using a 

tracer tailored to a specific part of the network441. However, and although the latter approach 

is quite powerful, there is need of an approach to select the most likely solutions in of 

undetermined parts of the network without requiring additional measurements as large 

metabolic networks might need an unattainable large number of parallel experiments to be fully 

determined. To address this issue, as part of this Ph.D., we developed parsimonious 13C MFA an 

approach to select the best solutions in an undetermined 13C MFA solution spacea442.  

  

 

a See section 4.2 
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2. Objectives 

The general objective of this Ph.D. thesis is to expand the Systems Biology toolbox by developing 

new model-based approaches for metabolic flux analysis and to apply them to the analysis of 

the molecular drivers underlying hepatic fructose intolerance and cancer progression.  

In order two accomplish the above-mentioned general objective, the following specific 

objectives were defined:  

1. To develop a kinetic model of hepatocyte metabolism in the framework of dynamic 13C 

MFA and to apply it to characterize the short-term effects of high fructose 

concentrations in hepatic metabolism (Chapter 1). 

2. To develop new a 13C MFA software with an algorithm capable of integrating both 13C 

and gene expression data to identify the underlying flux distribution (Chapter 2).  

3. To characterize the molecular and metabolic drivers of the CSC phenotype in prostate 

cancer and to develop a new approach to identify putative metabolic targets to revert 

it (Chapter 3).  

4. To develop a workflow for multiomics data integration in the framework of GSMMS and 

to apply it to identify metabolic vulnerabilities underlying the metastatic phenotype in 

colorectal cancer (Chapter 4).  
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3. Report of the supervisors 

The work developed by Carles Foguet Coll in this Ph.D. thesis has resulted in eight publications, 
and two manuscripts that are currently submitted to be published in international scientific 
journals. Carles Foguet is a principal author of four of the six articles that integrate this thesis. 

All the results here published have not been presented in any other thesis. However, as 
described underneath, Josep Tarragó has performed the experimental characterization and 
target validation of the colorectal cancer model and such results will be included in his Ph.D. 
thesis.  

Following is the list of all the articles included in the thesis, indicating the impact factor of the 
journal in which the article was published or has been submitted and specifying the tasks that 
Carles Foguet has performed in each one of them: 

Chapter 1: 
Carles Foguet, Silvia Marin, Vitaly A Selivanov, Eric Fanchon, Wai-Nang Paul Lee, Joan J 
Guinovart, Pedro de Atauri, Marta Cascante. HepatoDyn: A Dynamic Model of 
Hepatocyte Metabolism That Integrates 13C Isotopomer Data. PLoS computational 
biology 2016, 12(4):e1004899 
Metrics from Clarivate Analytics (2016): Article; Impact Factor 4,542; Q1 (11 of 78) in 
BIOCHEMICAL RESEARCH METHODS; D1 (4 of 57) in MATHEMATICAL & 
COMPUTATIONAL BIOLOGY 
URL: https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004899 

 
In this work, Carles Foguet developed a kinetic model of hepatic metabolism, 
including detailed kinetic laws and the ability to simulate 13C propagation. With 
this model, he simulated the metabolism of hepatocytes in the presence of high 
fructose concentrations. Carles Foguet is the principal author of this paper, 
analyzed the data, coded the model and wrote the manuscript. 
 

Chapter 2: 
Kristian Peters, James Bradbury, Sven Bergmann, Marco Capuccini, Marta Cascante, 
Pedro de Atauri, Timothy MD Ebbels, Carles Foguet, Robert Glen, Alejandra Gonzalez-
Beltran, Ulrich L Günther, Evangelos Handakas, Thomas Hankemeier, Kenneth Haug, 
Stephanie Herman, Petr Holub, Massimiliano Izzo, Daniel Jacob, David Johnson, Fabien 
Jourdan, Namrata Kale, Ibrahim Karaman, Bita Khalili, Payam Emami Khonsari, Kim 
Kultima, Samuel Lampa, Anders Larsson, Christian Ludwig, Pablo Moreno, Steffen 
Neumann, Jon Ander Novella, Claire O'Donovan, Jake TM Pearce, Alina Peluso, Marco 
Enrico Piras, Luca Pireddu, Michelle AC Reed, Philippe Rocca-Serra, Pierrick Roger, 
Antonio Rosato, Rico Rueedi, Christoph Ruttkies, Noureddin Sadawi, Reza M Salek, 
Susanna-Assunta Sansone, Vitaly Selivanov, Ola Spjuth, Daniel Schober, Etienne A 
Thévenot, Mattia Tomasoni, Merlijn van Rijswijk, Michael van Vliet, Mark R Viant, Ralf 
JM Weber, Gianluigi Zanetti, Christoph Steinbeck. PhenoMeNal: Processing and 
analysis of Metabolomics data in the Cloud. GigaScience 2018, 8(2):giy149 
Metrics from Clarivate Analytics (2019): Article; Impact Factor: 4,688; Q1 (13 of 69) in 
MULTIDISCIPLINARY SCIENCES 
URL: https://academic.oup.com/gigascience/article/8/2/giy149/5232984 

Carles Foguet contributed to this work by developing the Iso2Flux software, 
implementing it into PhenoMeNal and participating in the development of the 

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004899
https://academic.oup.com/gigascience/article/8/2/giy149/5232984
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start-to-end fluxomics workflow. He also contributed to the writing of the 
manuscript.  

Payam Emami Khoonsari, Pablo Moreno, Sven Bergmann, Joachim Burman, Marco 
Capuccini, Matteo Carone, Marta Cascante, Pedro De Atauri, Carles Foguet, Alejandra 
Gonzalez-Beltran, Thomas Hankemeier, Kenneth Haug, Sijin He, Stephanie Herman, 
David Johnson, Namrata Kale, Anders Larsson, Steffen Neumann, Kristian Peters, Luca 
Pireddu, Philippe Rocca-Serra, Pierrick Roger, Rico Rueedi, Christoph Ruttkies, 
Noureddin Sadawi, Reza M Salek, Susanna-Assunta Sansone, Daniel Schober, Vitaly 
Selivanov, Etienne A Thévenot, Michael Van Vliet, Gianluigi Zanetti, Christoph Steinbeck, 
Kim Kultima, Ola Spjuth. Interoperable and scalable data analysis with microservices: 
Applications in Metabolomics. Bioinformatics 2019, 1-9 
Metrics from Clarivate Analytics (2018): Journal Article; Impact Factor 4,531; Q1 (8 of 
79) in BIOCHEMICAL RESEARCH METHODS; Q1 (25 of 162) in BIOTECHNOLOGY & 
APPLIED MICROBIOLOGY; D1 (4 of 59) in MATHEMATICAL & COMPUTATIONAL BIOLOGY 
URL: https://ora.ox.ac.uk/objects/uuid:9ab846f0-5110-421f-90d1-baf235d0ede3 

Carles Foguet contributed to this work by developing the Iso2Flux software, 
implementing it into PhenoMeNal and participating in the development of the 
start-to-end fluxomics workflow, which is referred to as demonstrator 4 in the 
paper. He also contributed to the writing of the manuscript.  

Carles Foguet, Anusha Jayaraman, Silvia Marin, Vitaly A Selivanov, Pablo Moreno, 
Ramon Messeguer, Pedro de Atauri, Marta Cascante. p13CMFA: Parsimonious 13C 
metabolic flux analysis. PLoS computational biology 2019, 15(9):e1007310 
Metrics from Clarivate Analytics (2018): Article; Impact Factor 4,428; Q1 (9 of 79) in 
BIOCHEMICAL RESEARCH METHODS; D1 (5 of 59) in MATHEMATICAL & 
COMPUTATIONAL BIOLOGY 
URL: https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1007310 

In this paper, Carles Foguet presents p13CMFA, a new 13C MFA algorithm that 
uses flux minimization to address the problem of solution multiplicity when 
estimating flux distributions based on 13C propagation. Carles Foguet is the 
principal author of this paper. Carles, conceived p13CMFA, implement it, 
performed the simulations and validations and wrote the manuscript.  

Chapter 3: 

Carles Foguet, Cristina Balcells, Timothy M. Thomson, Pedro de Atauri, Marta Cascante. 
Identification of the molecular drivers of prostate cancer stem cells. Cells, submitted 
Metrics from Clarivate Analytics (2018): Journal Article; Impact Factor 5,656; Q1 (40 of 
193) in CELL BIOLOGY 

In this paper, Carles Foguet analyzed RNA-SEQ data to identify the molecular 
drivers of prostate cancer stem cells. To study the metabolic reprogramming 
underlying cancer stem cells, he developed a new algorithm termed r2MTA. 
Carles Foguet is the principal author of this paper and processed and analyzed 
the RNA-SEQ data, developed and conceived r2MTA and wrote the manuscript.  

 

 

 

https://ora.ox.ac.uk/objects/uuid:9ab846f0-5110-421f-90d1-baf235d0ede3
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1007310
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Chapter 4: 

Josep Tarragó-Celada, Carles Foguet, Jordi Perarnau, Xavier Hernández-Alias, Silvia 
Marin, Míriam Tarrado-Castellarnau, Pedro de Atauri, Marta Cascante. Cysteine and 
folate metabolism are major vulnerabilities of the metastatic subpopulations of 
colorectal cancer. Cell Metabolism, submitted 
CF and JT contributed equally to this manuscript. 
Metrics from Clarivate Analytics (2018): Journal Article; Impact Factor 22,415; D1 (5 of 
193) in CELL BIOLOGY; D1 (3 of 145) in ENDOCRINOLOGY & METABOLISM 

 
This is a multidisciplinary work combining both a thorough experimental 
characterization of colorectal cancer cell lines with genome-scale 
computational modeling. Carles Foguet and Josep Tarragó are coauthors of this 
manuscript and contributed equally to this work. Carles Foguet performed the 
genome-scale simulations, the statistical analysis of targeted metabolomics and 
conceived and implemented the multiomics integration workflow. Josep 
Tarragó performed the metabolic and phenotypic characterization of the cell 
lines under study, the target validation and the associated statistical analysis. 
Both Carles Foguet and Josep Tarragó contributed equally to the writing of the 
manuscript.  

 
 

Additionally, the first and last page of four additional publications are included in the appendix. 
These are four reviews in which three of them Carles is a principal author.  

Igor Marín De Mas, Esther Aguilar, Anusha Jayaraman, Ibrahim H Polat, Alfonso Martín-
Bernabé, Rohit Bharat, Carles Foguet, Enric Milà, Balázs Papp, Josep J Centelles, Marta 
Cascante. Cancer cell metabolism as new targets for novel designed therapies. Future 
medicinal chemistry 2014, 6(16):1791-1810 
Metrics from Clarivate Analytics (2014): Review; Impact Factor (2014): 3,744; Q1 (8 of 
59) in CHEMISTRY, MEDICINAL 
URL: https://www.future-science.com/doi/abs/10.4155/fmc.14.119 

Carles Foguet participated in the writing of the manuscript. 

Alfonso Martín-Bernabé, Cristina Balcells, Josep Tarragó-Celada, Carles Foguet, 
Sandrine Bourgoin-Voillard, Michel Seve, Marta Cascante. The importance of post-
translational modifications in systems biology approaches to identify therapeutic 
targets in cancer metabolism. Current Opinion in Systems Biology 2017, 3:161-169 
CF and AM-B, CB and JT-C contributed equally to this review 
URL: https://www.sciencedirect.com/science/article/pii/S2452310017300082 

Carles Foguet is a principal author of this review together with AM-B, CB and JT-
C. Carles was fully involved with all aspects of the review, including coordination 
with the other authors and the writing of the manuscript. 

Cristina Balcells, Carles Foguet, Josep Tarragó-Celada, Pedro de Atauri, Silvia Marin, 
Marta Cascante. Tracing metabolic fluxes using mass spectrometry: stable isotope-
resolved metabolomics in health and disease. TrAC Trends in Analytical Chemistry 
2019, available online, in press corrected proof 
CF and CB and JT-C contributed equally to this review 
Metrics from Clarivate Analytics (2018): Review; Impact Factor 8,428; D1 (3 of 84) in 
CHEMISTRY, ANALYTICAL 

https://www.future-science.com/doi/abs/10.4155/fmc.14.119
https://www.sciencedirect.com/science/article/pii/S2452310017300082
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URL: https://www.sciencedirect.com/science/article/abs/pii/S0165993618302139 

Carles Foguet is a principal author of this review together with CB and JT-C. 
Carles was fully involved all aspects of the review, including coordination with 
the other authors and the writing of the manuscript. 

Effrosyni Karakitsou, Carles Foguet, Pedro de Atauri, Kim Kultima, Payam Emami 
Khoonsari, Vitor AP Martins dos Santos, Edoardo Saccenti, Antonio Rosato, Marta 
Cascante. Metabolomics in Systems Medicine: an overview of methods and 
applications. Current Opinion in Systems Biology 2019, 15: 91-99 

CF and EK contributed equally to this review 
URL: https://www.sciencedirect.com/science/article/pii/S2452310018301227 

Carles Foguet is a principal author of this review together with EK. Carles was 
fully involved with all aspects of the review, including coordination with the 
other authors and the writing of the manuscript. 

 

 

Marta Cascante       Pedro de Atauri 
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4. Summary of the results 

As outlined in the objectives, this work covers both the development of new tools and workflows 

and its application to the study of hepatic and cancer biology. It is divided into several chapters, 

each centered around a set of publications.  

Chapter 1 focuses on the development of HepatoDyn a highly detailed kinetic model of hepatic 

metabolism for dynamic 13C MFA analyses and its application to the study of fructose 

metabolism in hepatocytes. 

Chapter 2 focuses on the development of Iso2Flux and parsimonious 13C MFA (p13CMFA). 

Iso2Flux is an open-source software for stationary 13C MFA that we developed as part of this 

Ph.D. and that we implemented into PhenoMeNal (Phenome and Metabolome aNalysis), an e-

infrastructure for metabolomics analysis. p13CMFA is a novel algorithm that allows integrating 

both 13C measurements and transcriptomics to select the best solution in an undetermined 

solution space.  

Next, Chapter 4 focuses on the characterization of the metabolic and signaling drivers of the CSC 

phenotype in prostate cancer and their association with EMT. On this subject, in order to 

characterize in the genome-scale the metabolic phenotype of CSC and identify therapeutic 

interventions to target it, we developed an enhanced version of rMTA403a that we termed r2MTA.  

Lastly, Chapter 5 focuses on the genome-scale characterization of the metabolic phenotype of 

metastatic and non-metastatic colorectal colon cancer cell lines and the identification of 

metabolic vulnerabilities underlying the metastatic phenotype. With this aim, a novel workflow 

for the integration of large multiomics data sets into GSMMs was developed.  

A summary of each of the chapters, each centered around a set of publications, is provided in 

the following sections. 

  

 

a See section 1.6.3.4.2 



80 

4.1. HepatoDyn: A Dynamic Model of Hepatocyte Metabolism that Integrates 13C 

Isotopomer Data 

Dynamic 13C MFA combines kinetic modeling, with its unique capabilities to integrate the 

molecular regulation of enzyme-catalyzed reactions and dynamically simulate the metabolism, 

with the power to trace central carbon metabolism fluxes using 13C MFAa. However, because of 

the complexity of building and parameterizing condition-specific kinetic models, dynamic 13C 

MFA use has not been as widespread as other 13C MFA variants. Here we aim to address this by 

developing HepatoDyn, a large kinetic model of hepatocyte central carbon metabolism capable 

of performing dynamic 13C MFA. Furthermore, as a proof of concept, we applied HepatoDyn to 

the study of the effects of high fructose concentrations on hepatocyte metabolism.  

4.1.1. HepatoDyn, a highly detailed model of hepatocyte metabolism 

HepatoDyn was the first model of hepatocyte core metabolism capable of dynamically 

simulating energy and redox metabolism. It consists of 88 reactions and 81 metabolites 

distributed into three compartments (extracellular, cytosolic and mitochondrial). Additionally, 

channeling of hexose phosphates to glycogen is also included in the form of two separate pools 

of hexose phosphates, as previously described366 (Figure 14).  

HepatoDyn kinetic laws were based on existing laws described in the literature5,63,368, and 

modified, when necessary, to incorporate the effects of activators and inhibitors relevant to the 

hepatic metabolic regulation. The kinetic laws for the reactions catalyzed by ALDOB were the 

exception and were build using the King and Altman method5. This was necessary to adequately 

simulate the complexity of ALDOB, which can catalyze the reversible cleavage of both fructose 

1,6-bisphosphate and fructose 1-phosphate and several half-reactions.  

In total, the model has 470 parameters associated with kinetic laws. Of such parameters, 55 

parameters representing enzymes activities (Vmax or equivalent) were fitted to the 

experimental data while the remaining parameters were assigned based on an extensive 

literature search assisted by the Brenda database363.  

a See section 1.6.4.1 
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Figure 14. Graphical representation of the metabolic network used in HepatoDyn. In this 
representation, reactions associated with the glycolytic and gluconeogenic pathways are colored 
in blue, reactions associated with glycogen metabolism are colored in purple, reactions 
associated with the PPP are colored in pink, reactions associated with the TCA cycle are colored 
in orange, reactions associated with fatty acid metabolism are colored in red and other reactions 
associated with the redox and energy metabolism are colored in green. 

4.1.2. Large fructose concentrations induce ATP depletion in hepatocytes 

HepatoDyn was applied to the study the short-term response of hepatocytes to incubation with 

20mM glucose supplemented by either 3mM fructose or 20mM fructose. Remarkably, while 

glycogen content increased at a fast rate with 3mM fructose, there was almost no glycogen 

accumulation with  20mM fructose (Figure 15.A). Furthermore, isotopologue analysis indicated 
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that with 20mM fructose, unlike the first condition, almost no 13C from labeled glucose was 

propagated to lactate (Figure 15.B).  

HepatoDyn predicted that this phenotype was caused by an ATP and phosphate depletion 

induced by an accumulation of fructose 1-phosphate at high fructose concentrations (Figure 16). 

This behavior had been previously reported443,444 but had never been extensively modeled. This 

phenomenon occurs because, unlike glucose, the rate of fructose uptake is mostly unregulated 

and controlled chiefly by the extracellular concentration of fructose due to the low affinity of 

the fructose transporter120,444. Furthermore, unlike GK, fructokinase is not part of any negative 

feedback loop. Hence, high fructose concentrations can potentially lead to an excessive and 

possibly toxic accumulation of fructose 1-phosphate. Thus, the low glycogen synthesis and the 

almost non-existent propagation of 13C from glucose to lactate observed with 20 mM fructose 

can be attributed to the depletion of ATP and phosphate which leads to reduced glycogen 

synthesis and GK and PFKL activities. 
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Figure 15. Bar graphs representing the experimentally determined metabolite productions (A) 
and isotopologue fractions (B). Measurements were taken after incubating hepatocytes for 2 
hours with 20mM glucose 50% enriched in [1,2-13C2]-glucose and 3mM fructose (condition A1), 
20 mM glucose and 3 mM fructose 50% enriched in [U-13C6]-fructose (condition A2) and 20mM 
glucose 50% enriched in [1,2-13C2]-glucose and 20mM fructose (condition B). The red dot 
indicates the value fractions simulated by HepatoDyn using the best fit parameter set.  
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Figure 16. Plot of the simulated concentrations over time for extracellular fructose (eFru), 
fructose 1-phosphate (Fru1P), cytosolic phosphate (cPi) and cytosolic ATP (cATP). Specifically, the 
simulated concentrations in hepatocytes incubated with 20 mM glucose and 3 mM fructose 
(conditions A1/ A2) or 20 mM glucose and 20 mM fructose (condition B) are shown. The red plot 
indicates the values predicted with the best fit parameter set, and the grey area indicates the 
estimated range of variations taking parameters sets within the 95% confidence intervals. 
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4.2. Iso2Flux and p13CMFA 

As described in the introduction, 13C MFA identifies the flux distribution that leads to a set of 

experimentally measured 13C label patterns. Hence, an inherent limitation of 13C MFA is that 

fluxes cannot be uniquely determined when there are several possible flux combinations that 

can lead to a set of experimentally measured 13C label patternsa. Indeed, when 13C MFA is used 

in large metabolic networks or with small data sets this can lead to a large part of the network 

being unidentifiable by 13C MFA438,439,445. Furthermore, many of the 13C MFA solutions can involve 

large fluxes through futile cycles, which are artifacts of the optimization process as in vivo 

enzyme activities cannot support such large flux values. 

In this chapter, we present p13CMFA a new 13C MFA approach that uses flux minimization to 

identify the most enzymatically efficient solution in an undetermined 13C MFA solution space 

(Figure 17). Flux minimization has been widely used in the context of constraint-based modeling 

at the genome-scale with approaches like pFBA397 or GIMME400,405b and here we export the 

concept to 13C MFA with great success.  

Under p13CMFA, flux through cycles and pathways are minimized to the minimum amount 

needed to account for the experimental 13C measurements. Furthermore, this approach can 

integrate gene expression data to give greater weight to the minimization of fluxes through 

enzymes with low gene expression allowing, for the first time, seamless integration of 13C MFA 

with gene expression data. The latter allows selecting those pathways with stronger gene 

expression evidence in instances where multiple pathways can result in similar label patterns.  

Having developed the concept of p13CMFA, we needed to implement it into a 13C MFA software 

to test its feasibility. However, most available software for 13C MFA was not open-source nor 

could not be easily modified to implement p13CMFA. Hence, in order to prove the feasibility of 

p13CMFA, we developed Iso2Flux, a new open-source 13C MFA software that would be 

compatible with p13CMFA. Furthermore, Iso2Flux was implemented into the framework of the 

PhenoMeNal e-infrastructure446,447 allowing 13C MFA to be run from the cloud and as part of 

multi-step data analysis workflows. 

a See section 1.6.4.1 
b See sections 1.6.3.3.3 and 1.6.3.3.5.2 



86 

Figure 17. The conceptual basis of p13CMFA: From an infinite space of flux (v) solutions, a space 
of feasible solutions is obtained through the integration of stoichiometric and thermodynamic 
constraints (in the form of a constraint-based model) and the measured extracellular fluxes. 
Applying 13C MFA to integrate experimental 13C data can further reduce the solution space to 
those flux distributions that are consistent with such data. Through flux minimization, p13CMFA 
can identify the optimal flux distribution that lies on the edge of the 13C MFA solution space. Such 
minimization can be weighted according to the gene expression evidence for each enzyme.  

4.2.1. Example of p13CMFA usage 

As an example of a potential application of p13CMFA, we applied it to analyze metabolic flux 

distribution in human umbilical vein endothelial cells. The analyzed data set was quite small and 

13C MFA was unable to significantly constraint the flux ranges emerging from the stoichiometric 

and thermodynamic constraints and the measured extracellular fluxes (Figure 18). For instance, 

despite integrating measurements of 13C enrichment in ribose, it was not possible to conclude 

the relative contribution of the oxidative and non-oxidative branch of PPP to ribose synthesis. 

Nevertheless, p13CMFA, together with transcriptomics data from the literature448, can be applied 

to obtain the most enzymatically efficient flux distribution in the conditions of the study. In this 

regard, we can now estimate that in PPP, the non-oxidative branch contributes to roughly 60% 

of the net ribose synthesis.  
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To evaluate the contribution of 13C MFA to the p13CMFA solution, GIMME (i.e., flux minimization 

weighted by gene expression without integrating 13C data) was also performed (Figure 18). The 

resulting flux distribution had some notable differences such as that GIMME did not predict any 

activity in the oxidative branch of the PPP and predicted a higher flux through PDH than 

p13CMFA. This confirms that p13CMFA benefits from 13C data to predict significantly different flux 

maps than those derived from flux minimization alone.  
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Figure 18 (previous page). Flux spectrum, GIMME solutions, 13C MFA flux ranges, and p13CMFA 
solutions for some key reaction fluxes. Flux spectrum represents the feasible flux ranges 
considering only the stoichiometric and thermodynamic constraints and the measured 
extracellular fluxes. GIMME flux values are obtained when total reaction flux is minimized 
weighted by gene expression without integrating 13C data. For 13C MFA, the flux values obtained 
after the 13C MFA optimization and the range of the 95% confidence intervals for such values are 
shown. The p13CMFA flux values are obtained when total reaction flux is minimized within the 13C 
MFA solution space. Fluxes are expressed in μmol·h-1·million-cells-1. 

4.2.2. p13CMFA outperforms pFBA, GIMME and 13C MFA 

To validate the p13CMFA method, we used as a reference a study of the colon cancer cell line 

HCT 116 published by Tarrado-Castellarnau et al.224 whereby integrating a large set of 

experimental measurements 13C MFA had been able to estimate the central carbon metabolism 

flux map with a high degree of accuracy. 

From this large data set, we selected a partial data set consisting of 7 experimental flux 

measurements and 4 sets of isotopologue fractions. The partial data set was used to run pFBA, 

GIMME, 13C MFA, and p13CMFA with and without integrating gene expression data (p13CMFA+ge 

and p13CMFA-ge, respectively). The accuracy of the resulting flux distributions was evaluated by 

comparing them to the reference flux distribution computed from the whole set of experimental 

measurements224. The results showed that  p13CMFA-ge resulted in significantly more accurate 

predictions than both pFBA and 13C MFA alone. Similarly, p13CMFA+ge was able to achieve 

substantially more accurate flux predictions than 13C MFA and GIMME (Figure 19). 

4.2.3. Iso2Flux 

p13CMFA was implemented in Iso2Flux, an open-source stationary 13C MFA software we 

developed as part of this Ph.D. thesis (https://github.com/cfoguet/iso2flux/releases/tag/0.7.2). 

Iso2Flux uses the EMU framework424 to build systems of isotopologue balance equations under 

the assumption of isotopic steady statea. Such a system, which is compiled into C to enhance 

performance, is solved to predict the isotopologue fractions associated with a given steady-state 

flux distribution. Next, Iso2Flux uses the self-adaptive differential evolution (SADE) algorithm 

from PyGMO (Python Parallel Global Multiobjective Optimizer) to iteratively find the optimal 

solution of the 13C MFA and p13CMFA problems.  

The formats of the inputs and outputs of Iso2Flux have been designed with the ease of user 

accessibility in mind. For instance, the metabolic network can be defined either as a XLSX/CSV 

file or in the Systems Biology Markup Language (SBML) format, which is a standard format for 

a See figure 12 in section 1.6.4.1 
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biological models449. Similarly, in the file defining the carbon propagation rules (i.e., how 13C 

propagate between the substrates and products of reactions in the network) only the reactions 

with a change in carbon backbone need to be defined as the remaining reactions will be 

automatically added. Furthermore, Iso2flux can also detect inconsistencies in the carbon 

propagation rules and metabolic network and highlight them to the user.  

Figure 19. Comparison of the predictive power of 13C MFA, pFBA, GIMME, and p13CMFA. (A) 
Pearson’s correlation coefficients between the reference flux distribution and the flux maps 
obtained from 13C MFA (optimal solution), pFBA, GIMME, and p13CMFA. p13CMFA was applied 
both with and without integrating gene expression data (p13CMFA+ge and p13CMFA-ge, 
respectively). The statistical significance of the difference between correlation coefficients was 
evaluated using the Fisher r-to-z transformation450. (B) Euclidian distances between the reference 
flux distribution and the flux maps obtained from 13C MFA (optimal solution), pFBA, GIMME, and 
p13CMFA.  
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4.2.4. Iso2Flux in the framework of PhenoMeNal 

PhenoMeNal (https://portal.phenomenal-h2020.eu/home) is a newly developed cloud e-

infrastructure that provides a large suite of standardized and interoperable metabolomics data 

processing tools446,447. The PhenoMeNal cloud research environment can be run in commercial 

public cloud providers (e.g., Amazon web services, Google cloud platform and Microsoft Azure) 

or private clouds and uses a container orchestrator to deploy containerized computational tools. 

A container for given computational tool contains all the libraries and configuration files to 

execute the tool autonomously and is akin to a lightweight virtual machine optimized for running 

the tool in question451. Once the PhenoMeNal cloud research environment is deployed, it can 

be accessed through Galaxy which provides a web interface where data can be uploaded and 

analyzed using the tools in the PhenoMeNal repository446. Additionally, Galaxy supports 

workflows, automated and multi-step analyses where several tools are run sequentially452. 

Iso2Flux was chosen as the stationary 13C MFA software for the Phenomenal e-infrastructure. As 

such, a standalone Docker container for Iso2flux was developed 

(https://github.com/phnmnl/container-iso2flux) and it was implemented to the PhenoMeNal 

runtime for Galaxy (https://github.com/phnmnl/container-galaxy-k8s-runtime). Additionally, 

the inputs of Iso2Flux were made interoperable with other tools available in PhenoMeNal. In 

this regard, Iso2flux was implemented as part of the start-to-end fluxomics workflow (Figure 

20). This workflow consists of the following containerized tools executed in succession in the 

framework of Galaxy:  

• RAMID; it identifies metabolites of interest and quantifies isotopologue fractions starting

from raw chromatograms-mass spectra files.

• MIDCOR; it corrects the measured isotopologue fractions for naturally occurring isotopes432.

• Iso2Flux; it performs stationary 13C MFA.

• Escher for Fluxomics; it allows to visualize the resulting flux distribution predicted by 13C

MFA on top of a pre-defined metabolic map453.

This workflow was used as an example of PhenoMeNal’s potential to connect separately 

developed tools covering subsequent steps of metabolomics analysis. In this regard, this 

workflow was demonstrated in several PhenoMeNal-themed workshops such as CloudMET 

2017 or “PhenoMeNal Gateway Workshop: Taking metabolomics data processing to the cloud”. 

https://github.com/phnmnl/container-iso2flux
https://github.com/phnmnl/container-galaxy-k8s-runtime
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Figure 20. PhenoMeNal’s start-to-end fluxomics workflow. This workflow begins with raw 
chromatograms-mass spectra files, corrects natural enrichment, performs 13C stationary MFA 
using Iso2Flux and, plots the predicted flux distribution.  
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4.3. Identification of the molecular drivers of prostate cancer stem cells 

It is widely accepted that in prostate cancer, and indeed most cancer types, both metastatic 

potential, and the acquisition of resistance to chemotherapy and radiotherapy are associated 

with the CSCa population158,159. It was originally believed that the acquisition of the CSC 

phenotype required a complete EMT454–456. However, it is now beginning to emerge that the CSC 

phenotype can be acquired independently of EMT157,457. Even more, in some cellular models, 

EMT has been reported to inhibit CSC traits such as metastatic, tumorigenic and proliferative 

potential157,186–191. 

In this regard, the dual cell model PC3M/PC3S, derived from the PC3 metastatic prostate cancer 

cell line, has emerged as a model to characterize the EMT independent CSC phenotype in 

prostate cancer157. PC3M have an epithelial-like and a CSC-like phenotype with a high 

proliferation rate, and high capacity to form spheroids in vitro and establish tumors and 

metastasis in vivo. Conversely, PC3S are mesenchymal-like and have significantly reduced 

proliferative and tumorigenic potential but they are more invasive than PC3M157. Interestingly, 

the CSC phenotype appears to be strongly associated with the epithelial-like phenotype as 

overexpressing EMT factors, such as murine Snai1, in PC3M was shown to reduce both its 

proliferation rate, anchorage-independent growth, and tumorigenic potential157. 

In this chapter, we use RNA sequencing to characterize the PC3M, PC3S, and a PC3M derived 

cell line overexpressing the EMT factor Snai1 (PC3M-Snai1) at a genome-scale and characterize 

the relationship between EMT, metabolic reprogramming and CSC phenotype in prostate 

cancer. In this regard, to analyze metabolic reprogramming, we have developed an enhanced 

version of the rMTA algorithm403b that we have termed r2MTA.  

4.3.1. Overexpressing Snai1 partially reverts the PC3M gene expression program 

Gene set enrichment analysis (GSEA)458 was performed to identify sets of genes coordinately 

upregulated or downregulated between PC3M and PC3S and upon Snai1 overexpression in 

PC3M. In this regard, compared to PC3S, PC3M displayed a strong upregulation in the gene 

expression signatures of MYC and mTORC1, both of which have been extensively associated with 

the CSC phenotype176,177,459–461. Consistent with well-known effects of both MYC and mTORC1 

overactivation84,462,463, PC3M also displayed significantly upregulated gene sets associated to 

gene expression machinery. Remarkably, increasing the dosage of SNAI1 through 

a CSC is the abbreviation of cancer stem cells which have been covered  in section 1.5.1.2.1 
b See section 1.6.3.4.2 
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overexpression of murine Snai1 significantly downregulated most of such gene signatures 

confirming that CSC phenotype is strongly inhibited by EMT in the PC3M/PC3S model157,333.  

4.3.2. The CSC phenotype of PC3M is associated with partial EMT 

Consistent with their more epithelial phenotype, PC3M strongly overexpressed several epithelial 

markers such as E-cadherin (CDH1), Claudin1 (CLDN1) and the epithelial cell adhesion molecule 

(EPCAM) while strongly underexpressing mesenchymal markers such as Fibronectin 1 (FN1) and 

Secreted Protein Acidic And Cysteine Rich (SPARC) compared to PC3S. However, PC3M also 

displayed a strong expression of many mesenchymal markers, such as Vimentin (VIM) or N-

cadherin (CDH2), suggesting that PC3M might have a partial EMT phenotype. Supporting this 

notion, PC3M also had a strong expression of several EMT transcription factors such as SNAI1, 

SNAI2, and TWIST1(Figure 21.A).  

Increasing the dosage of SNAI1 through Snai1 overexpression (PC3M-Snai1) resulted in an 

increased EMT gene expression program as seen by a strong downregulation of the transcription 

of epithelial markers (i.e., CDH1, CLDN1, EPCAM) and a strong upregulation of mesenchymal 

markers (i.e., FN1, SPARC) consistent with the previous work157. This suggested that the partial 

EMT underlying the PC3M phenotype is mediated by a delicate balance between pro-EMT 

factors (such as SNAI1, SNAI2 and LATS2) and anti-EMT factors and that increasing the dosage 

of the former tilts the scale in favor of EMT. As putative anti-EMT factors playing a key role in 

such delicate balance, we identified KLF4207,208,464,465 and PRKD1211–213,466.  

4.3.3. PC3M overexpress mesenchyme-associated genes associated with metastatic 

spread 

Closely associated with partial EMT, PC3M overexpressed several genes related to the 

mesenchymal phenotype (i.e., part of the gene set “Hallmark EMT”467) compared to PC3S (Figure 

21.B). Many of such genes have been associated with poor prognosis and invasive and 

metastatic potential in a variety of cancer types468,469,478–487,470,488–497,471–477. Indeed, several of 

such genes are involved in the remodeling of the extracellular matrix, adhesion, and migration 

and they might confer PC3M the sufficient invasion, extravasation and intravasation capabilities 

necessary to be able to metastasize autonomously.  
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Figure 21. Transcript levels. (A) Expression of epithelial and mesenchymal biomarkers, EMT 
transcription factors and EMT regulators. (B) Top EMT associated genes overexpressed in 
PC3M. (C) Expression of genes associated to VEGFC/NRP2 signaling. (D) Metabolic genes 
identified as putative targets against CSC metabolism with r2MTA. Expression levels are 
indicated as FPKM Fragments (Per Kilobase of transcript per Million mapped reads) in a Log2 
scale. a,b and c denote a statistically significant difference (FDR<0.05) between PC3M and 
PC3S, PC3M and PC3M-Snai1 and PC3M-Snai1 and PC3S, respectively. 
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Additionally, the vascular endothelial growth factor C (VEGFC), part of the set of EMT associated 

genes overexpressed in PC3M, is of particular interest as VEGFC signaling through the Neuropilin 

2 (NRP2) receptor has been associated to with the CSC phenotype in breast498–500 and prostate 

cancer501,502. More in detail, upon VEGFC binding, NRP2 has been reported to interact laterally 

with integrins (i.e., ITGA5, ITGA6 or ITGB1) and activate focal adhesion kinase (FAK) 

signaling499,503,504 leading to the activation of the transcription factors TAZ500 and BMI1499,501. 

Remarkably, VEGFC, NRP2, TAZ and BMI1 gene expression patterns appear to be correlated with 

stemness (PC3M>PC3M-Snai1>PC3S) (Figure 21.C). Therefore, we theorize that the VEGFC might 

play a key role in maintaining the PC3M CSC phenotype.  

4.3.4.  Identifying key players of the CSC phenotype 

Given that Snai1 overexpression significantly inhibits key aspects of the CSC phenotype of PC3M, 

we posited that key players of such phenotype could be identified in the subset of genes strongly 

downregulated both in PC3S compared to PC3M and in PC3M-SNAI1 compared to PC3M. To 

narrow the list of candidates, copy number variation (CNA) and survival analysis were used to 

select those genes that were more frequently amplified in prostate cancer and whose 

amplification or mutation correlated with poor clinical prognosis. Overall, 9 potential candidates 

were identified (Figure 22). Most of such genes have been extensively associated with features 

of CSC such as metastatic and invasive potential, cell proliferation, apoptosis or drug 

resistance505,506,515–517,507–514. We hypothesized that expression of such genes is linked to partial-

EMT status and might account for the loss of the CSC phenotype upon Snai1 overexpression.  

4.3.5. r2MTA 

As outlined in the introductiona, rMTA403 is an algorithm that identifies putative metabolic 

targets to switch towards the desired metabolic state. With this aim, it simulates metabolic 

transitions between two states by integrating transcriptomics in the framework of GSMMs to 

identify metabolic pathways coordinately upregulated or downregulated.  

Here, we developed r2MTA an enhanced version of the rMTA algorithm403, which improves its 

robustness by making the following improvements:  

• Adding flux minimization with GIMME400b as a pre-processing step to reduce flux loops

a See section 1.6.3.4.2 
b See section 1.6.3.3.5.2 
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• Integrating differentially consumed/produced metabolites.  

Figure22: Key players of the CSC phenotype associated to partial EMT. Such genes are 
upregulated in PC3M vs PC3S, downregulated upon Snai1 overexpression and are 
characterized by being frequently amplified in prostate cancer with such alterations 
associated to poor prognosis. PRR15(Proline-Rich Protein 15), SCIN (Scinderin), CR2( 
Complement C3d Receptor 2) SIDT1(SID1 Transmembrane Family Member 1), ABCA3 (ATP 
Binding Cassette Subfamily A Member 3), MYO15B (Myosin XVB), TSPAN8 (Tetraspanin 8), 
REG4(Regenerating Family Member 4),TMEM45B(Transmembrane Protein 45B) 
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• Adding the differentially expressed reactions to the quadratic component of the

optimization to reduce the r2MTA solution space towards a unique solution.

• Using the base MTA scores (the capacity to switch between states without any gene KO)

to normalize the score given to each gene KO.

 This allows both normalizing the transformation score and correcting for possible biases 

towards the best- or worst-case scenarios in the MTA optimization.  

4.3.6. Metabolic reprogramming in the PC3M/PC3S/PC3M-Snai1 models 

Using r2MTA, we integrated the RNA-SEQ data together with previously published metabolomics 

data for PC3M and PC3S333 to characterize the metabolic differences between PC3M/PC3S and 

PC3M-Snai1/PC3M. r2MTA predicted that PC3M displayed an upregulated glycolysis, PPP, TCA 

cycle, oxidative phosphorylation and cholesterol, amino acid and folate metabolism (Figure 23). 

Conversely, PC3S have increased capacity on the nucleotide interconversion system as they have 

higher expression in some key nucleotide kinases and ribonucleotide reductase enzymes. 

Conversely, central carbon and amino acid metabolism were not significantly affected by Snai1 

overexpression. However, cholesterol metabolism and nucleotide interconversion pathways 

were downregulated and upregulated, respectively, bringing them closer to PC3S. Additionally, 

glutathione metabolism was also strongly downregulated in line with what is reported in the 

literature518. Overall, r2MTA indicated that the metabolic gene expression program underlying 

the CSC-like PC3M metabolic phenotype is not strongly associated with the EMT status.  

4.3.7. Identifying metabolic targets against CSC metabolism 

With r2MTA we identified putative metabolic targets that can be inhibited to cause a metabolic 

shift from a PC3M-like metabolic phenotype to a PC3S-like phenotype. As expected, the 

pathways upregulated in PC3M compared to PC3S are heavily enriched in putative targets to 

transform PC3M to PC3S (Figure 21D). Namely, folate metabolism (MTHFD2 and GLDC), proline 

metabolism (PYCR1), glycolysis (PGK1, TPI1, PGAM1, GAPDH), oxidative phosphorylation 

(UQCRC2, UQCRFS1, ATP5B) and glutamate metabolism (GLUD1).  

Indeed, multiple targets were validated by our previous characterization of the PC3M model. 

For instance, oligomycin (an inhibitor of ATP synthase), BPTES (an inhibitor of glutaminase which 

is upstream of glutamate dehydrogenase in the glutaminolysis pathway) and 2-deoxyglucose(a 

glycolytic inhibitor) significantly reduced spheroid formation in PC3M333. Even more, both BPTES 

and 2-deoxyglucose reduced the proliferation to a greater extent in PC3M than PC3S333. 

Additionally, Metformin, reported to inhibit oxidative phosphorylation519, and 2-deoxyglucose520 
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have been reported to reduce resistance to chemotherapy and radiotherapy in prostate cancer, 

traits which are often associated with the CSC subpopulation.  

Concerning some of the other top-scoring targets, MTHFD2 has been found to promote 

tumorigenesis and CSC-like properties in lung cancer 521 and to support rapid proliferation and a 

lowly differentiated state in acute myeloid leukemia304. Similarly, PYCR1 (Pyrroline-5-

Carboxylate Reductase 1), which catalyzes the last step of proline synthesis, has been associated 

to increased proliferation and apoptotic resistance in a variety of cancer types522–524, including 

prostate cancer525.  

Remarkably, GLDC, identified as a putative metabolic target, was significantly downregulated 

upon Snai1 overexpression. This suggests that although folate metabolism might not be 

coordinately downregulated at the gene expression level as a result of SNAI1 overexpression, it 

might be significantly reduced through the downregulation of GLDC. Interestingly, GLDC has 

often been associated with tumorigenesis and pluripotency526–528.  
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Figure 23(previous page). Top pathways upregulated and downregulated between PC3S and 
PC3M and, PC3M-Snai1 and PC3M. The sum of reaction flux variations as predicted by r2MTA are 
plotted. Positive values represent pathways upregulated in PC3S or PC3M-Snai1 compared to 
PC3M while negative values represent pathways downregulated in PC3S or PC3M-Snai1 
compared to PC3M.  

Because folate metabolism was found to be strongly upregulated in PC3M compared to PC3S, 

and indeed two putative metabolic targets were identified in folate metabolism (i.e., MTHFD2 

and GLDC), we theorized that the PC3M population could be differentially vulnerable to 

antifolates. In this regard, we evaluated the therapeutic potential of methotrexate and 

pemetrexed, two FDA-approved antifolates345, on PC3M and PC3S(Figure 24). Both drugs were 

shown to have stronger growth inhibitory effects on PC3M than PC3S. 

Figure 24. Effect of folate analogues methotrexate (MTX) and pemetrexed (PTX) on the 
proliferation of PC3M and PC3S cells. (A) Effect of MTX on the cell proliferation of PC3M (solid 
circles) and PC3S (solid squares); and PTX on PC3M (open circles) and PC3S (open squares). Cell 
viability was assessed after 72 h incubation with either MTX or PTX (nM). Values represent mean 
± SD of n=3. (B) Comparison of the effect of MTX and PTX on PC3M. (C) Comparison of the effect 
of MTX and PTX on PC3S. 
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4.4. Cysteine and folate metabolism are major vulnerabilities of the metastatic 

subpopulations of colorectal cancer 

Metabolic reprogramming has begun to emerge as a key feature of the acquisition of the 

metastatic phenotype by endowing metastatic cell populations with the capacity to cope with 

oxidative stress220,529, adapt to varying substrate availabilities530,531 and rapidly expand into 

macroscopic lesions530,531. However, such metabolic reprogramming might lead to the 

emergence of metabolic vulnerabilities that can be used to selectively kill metastatic cell 

populations220,531.  

With the aim of identifying such vulnerabilities, we performed a thorough metabolic 

characterization analysis of three KRASG12V-mutant532 and same-patient derived cell lines with 

increasing metastatic potential: SW480, SW620, and SW620-LiM2. SW480 were isolated from 

the primary tumor, SW620 from a lymph node metastases of the same patient533 and LiM2 were 

a metastatic-enriched derivative from SW620155. We determined that phenotypically, SW480 

are mesenchymal-like whereas SW620 and LIM2 are epithelial-like. However, SW620 and 

particularly LiM2 also have significant expression of mesenchymal markers. Additionally, SW620 

and LiM2 are endowed with increased proliferation and spheroid formation capacity.  

To integrate the data generated from the metabolic characterizations, as well as data in publicly 

available databases, we developed a novel multiomics data integration workflow in the 

framework of constraint-based modeling. With such a workflow, we generated cell line specific 

GSMMs and used it to identify putative metabolic targets against the metastatic populations.  

4.4.1. A workflow for multiomics data integration in the genome-scale  

As part of the metabolic characterization of the cell lines of study, we generated an extensive 

heterogeneous data set. Such set included growth rates, rates of uptake and secretions of 

glucose, lactate, and amino acids, oxygen consumption rate and respiration parameters, 13C 

resolved metabolomics and targeted metabolomics. Additionally, the set was expanded by 

including data from public datasets. For instance, transcriptomics for the cell lines of study was 

obtained from the literature155,534,535. Additionally, the effect of silencing metabolic genes on the 

viability of SW620 and SW480 viability was obtained from the Project DRIVE database414.  

To integrate such heterogeneous dataset, we developed the following workflow combining 

multiple constraint-based modeling algorithms:  

1. Building a flux map of central metabolism. Stationary 13C MFA was used to integrate 13C

resolved metabolomics, growth rates, rates of metabolite uptake and secretion, oxygen
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consumption rate, and respiration parameters to estimate the range of fluxes through 

central metabolism. The resulting flux ranges were used to constrain the human GSMM 

model Recon2.2392.  

2. Integration of targeted metabolomics. Measures of intracellular concentration of amino acid

and biogenic amines were used to constrain the cell line specific GSMMs. This was achieved

by adding a sink reaction for each measured metabolite representing the required

production of such metabolite to maintain its concentration constant in a proliferating

system (i.e., to compensate the dilution associated with proliferation)a. Additionally,

lipidomics measurements were used to customize the biomass reaction of each cell line.

3. Minimal cut set (MCS) analysis. Based on the essential metabolic genes reported in project

DRIVE414 for SW620 and SW480, the reactions that should be inactive for such genes to be

essential were determined using MCS analysisb420,422. Such reactions were subsequently

inactivated in the model. For LiM2, we implemented all the MCSs shared between SW480

and SW620 and the MCS in SW620 where none of the genes were significantly

overexpressed.

4. Integration of transcriptomics data. GIMME400,405 was used to integrate transcriptomics data

and restrict the maximum flux through reactions and pathways based on their gene

expression evidencec.

5. Selection of the most representative flux samples. Flux sampling was used to compute

possible flux combinations consistent with the above-integrated data. Each flux sample was

then used to systematically simulate the effect of all gene KOs on biomass production and

rank them based on their consistency with the gene dependency data from Project DRIVE.

The goal of this step is both to minimize the false positives of gene essentiality and to

integrate partial dependencies on genes that while not essential might have a significant

impact on cell viability. For each cell line, the top 100 ranked flux samples were selected as

representative flux distributions.

In order to identify the targets with minimal side effects on non-tumoral cell populations, a 

condition-specific GSMM was also built for the NCM460 cell line, derived from healthy colon 

mucosal epithelium536. This was achieved using a similar workflow as the above described but 

omitting step 3 and 5. 

a See section 1.6.3.3.4  
b See section 1.6.3.4.1.3 
c See section 1.6.3.3.5.2 
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4.4.2. The metastatic cell lines display increased Warburg effect glutaminolysis and 

oxidative metabolism  

We determined that the metastatic cell lines (SW620 and LiM2) had a stronger Warburg effect 

than SW480, as they consumed significantly more glucose and produced more lactate. 

Remarkably, the cell-line specific flux maps show that metastatic cell lines also have more flux 

through PDH (Figure 25). While it might seem paradoxical that the metastatic cell lines have 

both stronger Warburg effect and increased PDH activity, it must be noted that flux through PDH 

was quite low compared to lactate production (~10%). Such increase of PDH flux appears to be 

mediated by a decrease in PDH phosphorylation as SW620 and LiM2 had significantly less 

fraction of phosphorylated PDH than SW480. Similarly, glutaminolysis was also upregulated in 

the metastatic cell lines, which had increased glutamine consumption and glutamate production 

(Figure 25).  

Additionally, the metastatic cell lines were also shown to have increased mitochondrial function 

(Figure 25), and the mitochondrial fuel test determined that such function was highly flexible 

and could easily adapt to variable substrate availability. Hence, increased mitochondrial function 

might endow the metastatic cell lines with enhanced capacity to maintain a constant supply of 

ATP under variable, and potentially hostile, metabolic environments537. 

In this regard, increased Warburg effect, glutaminolysis and mitochondrial functions are 

consistent with the known effects of MYC85,86,308,310. Because MYC is overexpressed in the 

metastatic cell lines, such oncogene might play a key role in supporting the metabolic 

reprogramming underlying the metastatic phenotype. 
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Figure 25(previous page). Metabolic fluxes predicted by the multiomics integration workflow for 
some key reactions and transport processes. Cell lines with a distinct letter (a,b,c) had no overlap 
in the 100 flux samples selected through multiomics integration workflow (i.e., the largest flux 
sample value in one condition was lower than the higher flux sample value in the other 
condition).  

4.4.3. Putative metabolic targets 

The cell line-specific GSMMs were used to identify essential or synthetic lethal gene pairs that 

could selectively inhibit growth in the metastatic cell lines SW620 and LiM2. Excluding the 

targets predicted to significantly impair the proliferation of normal colonic epithelial cells, 

represented by the cell line NCM460, 6 single putative gene targets and 9 putative synthetic 

lethal pairs were identified. We decided to focus our attention on the MTHFD1 single target and 

on synthetic lethal combinations inhibiting both the Xc- (SLC7A11 and SLC3A2) and b0,+ (SLC7A9 

and SLC3A1) cystine transporters. 

4.4.4. Metastatic cell lines are vulnerable to Xc- inhibition 

The synthetic lethal pairs targeting both Xc- and b0,+ emerge because the condition-specific 

GSMM predict that SW620 and LiM2 are cysteine/cystine auxotroph. This emerges from the 

MCS analysis that predicts that essentiality of GSR in SW620 reported in project DRIVE414 

emerges from insufficient activity in both thioredoxin dependent cystine reduction and the 

cystathionine β-synthase activity in the transsulfuration pathway(Figure 26A). This hypothesis 

was validated by cystine deprivation (Figure 26B) which had significantly more effect on the 

proliferation of the metastatic cell lines (SW620 and LiM2) than in SW480.  

Concerning the Xc- and b0,+ systems, the former is generally assumed to play a greater role in 

cancer and it is often overexpressed in cancer cells316,336,338,342,538. Even more, its expression has 

been shown to be consistently higher in cell lines with mutant KRAS343, such as the SW480-

SW620-LiM2 models, and its activity and stability enhanced through the interaction with 

CD44v6340 which has been described as marker of metastatic potential and CSC phenotype in 

colorectal cancer539. Additionally, cell line specific flux maps predicted significantly more flux 

through the Xc- system than b0,+ system across all analyzed cell lines(25C). Hence, we theorized 

that inhibition of Xc- alone might be sufficient to inhibit growth in the metastatic cell lines.  

With this aim, we evaluated effects of Erastin, an irreversible inhibitor the Xc- system317,540,541, 

in the proliferation and viability of SW480, SW620, LiM2 and the non-tumoral colon cell line 

NCM460. As expected, Erastin had significantly more growth inhibitory effects on the metastatic 

cell lines (Figure 26D) which also had their viability significantly reduced by the drug(figure 26E). 



104 

Figure 26. Metastatic cells are dependent on cystine uptake and vulnerable to system Xc- 
inhibition. (A) Graphical representation of cysteine and glutathione metabolism. GSR: 
Glutathione-Disulfide Reductase. SLC3A1: B(0,+)-Type Amino Acid Transport Protein. SLC3A2: 
Solute Carrier Family 3 (Activators Of Dibasic And Neutral Amino Acid Transport), Member 2. 
SLC7A11: Amino Acid Transport System Xc. SLC7A9: B(0,+)-Type Amino Acid Transporter 1. (B) 
Cell proliferation measured by DNA content using HO33342 under control conditions (12,5 mM 
Glc and 4 mM Gln), under cysteine deprivation and adding N-acetylcysteine. * t Student test for 
–CYS or -CYS+NAC vs Control conditions, p<0.05. (C) Predicted fluxes through the Xc- and b0,+

system. (D) IC50 curve of the system Xc- inhibitor Erastin assessed by cell proliferation measured 
by DNA content using HO33342 under various Erastin concentrations after 72h incubation. (E) 
Percentage of apoptotic cells measured by imaging with Incucyte® adding a caspase-3/7 green 
reagent with various Erastin concentrations after 72h incubation. One-way ANOVA was 
performed for the factor “cell line”, and Scheffe’s test was used for multiple comparisons. Groups 
sharing the same letter don’t show a significant difference with α=0.05. 
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4.4.5. The metastatic cell lines are vulnerable to folate metabolism inhibitors 

In the project DRIVE database414, it was reported that SW620 but not SW480 were highly 

dependent on the expression of MTHFD1 which codes for an enzyme catalyzing three steps of 

the cytosolic branch of folate metabolism (Figure 27A). We confirmed that such dependency 

was related to MTHFD1 enzymatic activity by evaluating the effect of the drug LY345899 on the 

cell lines under study. LY345899 is an inhibitor of both MTHDF1 and MTHFD2 but with a 

significantly lower Ki for the former542,543. Such inhibitor was shown to selectively inhibit the 

proliferation of SW620 and LiM2 confirming the dependency of the metastatic cell lines on the 

MTHDF1 enzymatic activity(Figure 27B). 

MCS analysis predicted that such dependency emerged because the CHO-THF generated into 

the mitochondria cannot be transported to the cytosol to compensate for MTHDF1 deficiency 

(Figure 27C). CHO-THF is the substrate of GART activity, which is necessary for de novo synthesis 

of purines. Hence, the model predicted that in the metastatic cell lines folate metabolism was 

to some extent uncoupled between the cytosol and the mitochondria.  

On this subject, SHMT1, thymidylate synthase, and MTHFD1 have been reported to translocate 

to the nucleus during the S phase of the cell cycle in order to promote thymidylate synthesis544–

546. Similarly, although purine synthesis is assumed to occur primarily in the cytoplasm547, recent 

evidence suggests that several key enzymes of the pathway, such as GART, are partially localized 

in the nucleus where the pathway can be active in an MTHFD1-dependent manner548. Hence, 

we theorize that the dependency of MTHFD1 and the reduced coupling between the cytosolic 

and mitochondrial branches of the folate cycle could possibly be attributed to increased nuclear 

localization of the folate pathway to the nucleus in the metastatic cell lines. Indeed, in some 

cellular models, inhibition of SHMT1 or MTHFD1 has been reported to induce cell cycle arrest 

and compromise cell viability by reducing thymidylate synthesis and thus leading to uracil 

incorporation into DNA349,549–551.  

In addition to their dependency of MTHFD1, we also predicted that the metastatic cell lines (i.e., 

SW620 and LiM2) had a significantly more active folate metabolism than SW480 and hence 

could be more vulnerable to antifolates. In this context, Methotrexate, Pemetrexed, and 

Lometrexol were evaluated and shown to have more growth inhibitory effects in the metastatic 

cell lines. Additionally, SHIN2350, a chemical inhibitor of both SHMT1/2, was also tested. 

Remarkably it had similar growth inhibitory effect on all colorectal cancer cell lines (SW480 and 

SW620 and LiM2). However, SHIN2 was a selective drug for colorectal cancer cells as it was 

shown to have less growth inhibitory effect on the immortalized colon epithelial cell line 
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NCM460. Additionally, SHIN2 significantly induced more apoptosis in the metastatic cell lines 

(Figure 27E).  
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Figure 27(previous page). Metastatic cells are vulnerable to MTHFD1 and SHMT inhibition (A) 
Graphical representation of folate metabolism. CH2-THF: N5,N10 methylene-THF. CH3-THF: N5-
methyl tetrahydrofolate. CHO-THF: N10-formyl tetrahydrofolate. CH-THF: N5,N10-methenyl 
tetrahydrofolate. THF: Tetrahydrofolate. DHFR: Dihydrofolate Reductase. GART: Trifunctional 
Purine Biosynthetic Protein Adenosine-3. LOC286297: Methylenetetrahydrofolate 
Dehydrogenase (NADP+ Dependent) 1 Like Pseudogene. MTHFD1: Methylenetetrahydrofolate 
Dehydrogenase, Cyclohydrolase And Formyltetrahydrofolate Synthetase 1. MTHFD1L: 
Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)1 Like. MTHFD2: 
Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent) 2, Methenyltetrahydrofolate 
Cyclohydrolase. MTHFD2L: Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)2 
Like. MTHFD2P1: Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)2, 
Methenyltetrahydrofolate Cyclohydrolase Pseudogene 1. MTHFR: Methylenetetrahydrofolate 
Reductase. SHMT1/2: Serine Hydroxymethyltransferase1/2. TYMS: Thymidylate Synthetase. (B) 
IC50 curve of the MTHFD1 inhibitor LY345899 determined by cell proliferation measured by DNA 
content using HO33342 under various LY345899 concentrations after 72h incubation. (C) 
Predicted flux values for different reactions of cytosolic, mitochondrial folate and metabolism. 
Cell lines with a distinct letter (a,b) had no overlap in the 100 flux samples selected through the 
multiomics integration workflow. (D) IC50 curve of the SHMT1/2 inhibitor SHIN2 assessed by cell 
proliferation measured by DNA content using HO33342 under various SHIN2 concentrations after 
72h incubation. (E) Percentage of apoptotic cells measured by imaging with Incucyte® adding a 
caspase-3/7 green reagent with various SHIN2 concentrations after 72h incubation. A one-way 
ANOVA was performed for the factor “cell line”, and Scheffe’s test was used for multiple 
comparisons. Groups sharing the same letter don’t show a significant difference with α=0.05. 

4.4.6. High citrate synthase and PDH activities protect the metastatic cell lines from 

carnosine accumulation 

We determined that the metastatic cell lines (SW620 and Lim2) had significantly lower 

intracellular carnosine levels than SW480(Figure 28.A). Carnosine is a naturally occurring 

dipeptide of β-alanine and histidine which has been reported to inhibit cancer cell proliferation 

in vitro and in vivo552–559. The limiting metabolite for carnosine synthesis is generally assumed to 

be β-alanine560 which can be synthesized from aspartate decarboxylation, spermine oxidation, 

uracil catabolism and from propionyl-CoA378. Because in the SW480 cell line both carnosine and 

aspartate concentration were significantly higher than other cell lines, it becomes apparent that 

aspartate decarboxylation was the predominant pathway fueling β-alanine synthesis.  

In order to identify the drivers of carnosine synthesis, the condition-specific GSMMs were used 

to systematically analyze the effect of gene KO on carnosine accumulation. According to such 

simulations, the most efficient intervention to increase carnosine synthesis was the inhibition of 

citrate synthase or PDH. Simulations predicted that inhibiting either PDH or citrate synthase 

would lead to an accumulation of aspartate which could be redirected towards β-alanine 

synthesis and fuel carnosine production (Figure 28B). Indeed, the flux through citrate synthase 

and PDH was significantly higher in SW620 and LIM2 than SW480 (Figure 25), suggesting that 
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high activity of such enzymes contributed to preventing accumulation of carnosine in the 

metastatic cell lines.   
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Figure 28(previous page). Targeted Metabolomics. (A) Heatmap for intracellular content of 
amino acid, biogenic amines, and acyl-carnitines. Concentrations were normalized by protein 
and mean-centered and divided by the standard deviation of each metabolite. Hierarchical 
clustering for samples and features was performed using the Ward algorithm and Euclidian 
distance. ANOVA was used to determine statistically significant features, and Fisher’s least 
significant difference method was used to evaluate statistically significant differences (a: 
statistically significant difference between SW480-SW620 , b: SW480-LiM1 , c: SW480-LiM2, d: 
SW620-LiM1, e: SW620- LiM2, f:LiM1 - LiM2, g: NCM460-SW480, h: NCM460-SW620). Cx:y 
denotes an acylcarnitine with x carbons and y instaurations in the acyl moiety. (B) Simulated flux 
through the sink reactions for carnosine and aspartate in the WT or under KO of citrate synthase 
and pyruvate dehydrogenase. Sink reactions simulate the required intracellular production of a 
metabolite to maintain its concentration constant under proliferation. The flux through a sink 
reaction is proportional to the intracellular concentration of the metabolite and the proliferation 
rate of the cell line.  
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5. Global discussion  

Systems Biology uses metabolic models (i.e., computable sets of assumptions and hypothesis of 

metabolism) to integrate multiple layers of data and analyze the underlying metabolic 

phenotype352,353. In this regard, there exist various complementary modeling approaches, each 

one with its advantages and limitations. Kinetic modeling357 and 13C MFA425 (which can be 

combined as part of dynamic 13C MFA354) can excel at predicting central carbon metabolism flux 

maps with great detail. Conversely, constraint-based modeling in the framework of GSMMs 

excels at simulating metabolism at a genome-scale by integrating large multiomics data 

sets371,372,408. As part of this Ph.D. thesis, we expanded the Systems Biology toolbox by 

developing new model-based approaches for flux simulations both for central carbon 

metabolism and genome-scale, as well as new approaches aiming to bridge both modeling 

layers.  

On this subject, we developed HepatoDyn362, a highly detailed kinetic model of hepatocyte 

central carbon metabolism capable of performing 13C dynamic MFA561. Compared to existing 

kinetic models63,366–370, HepatoDyn stands out for combining a large scale, a detailed modeling 

of fructose metabolism, the capacity to dynamically simulate redox and energy metabolism (e.g., 

ATP/APD/Pi, NAD/NADH) and the capacity of integrating 13C resolved metabolomics. The 

abovementioned features allow simulating hepatic central carbon metabolism with an 

unprecedented level of detail. As a proof of concept of the capabilities of the model, we applied 

it to study the effects of high fructose concentration on hepatic function. We determined that 

high doses of fructose can severely impair the metabolic function of hepatocytes by causing an 

ATP depletion443,444 that impairs both the capacity to synthesize glycogen and clear glucose from 

blood. This phenomenon has a strong dynamic component and is dependent on both the kinetic 

properties of enzymes and on ATP metabolism, and hence it perfectly encapsulates the need for 

a model with HepatoDyn unique capabilities. Furthermore, such a phenomenon is also of high 

biomedical interest as fructose-induced ATP depletion is reported to increase the susceptibility 

to nonalcoholic fatty liver disease562. Even more, modeling fructose metabolism has biomedical 

interest beyond hepatocytes as certain cancer cell populations, such as colorectal cancer 

metastases in liver563 and lung adenocarcinoma cell lines564, have also been reported to have 

high fructose uptake. Hence, future works could use kinetic modeling to explore the feasibility 

of therapeutic interventions aimed at inducing fructose mediated-ATP depletion in such cancer 

populations.  
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Although dynamic 13C MFA is a powerful modeling technique, it is also quite complex and ideally 

requires several metabolic conditions (e.g., separate incubations with 3mM and 20mM fructose) 

or measures at several time points. For such reason, the more accessible stationary 13C MFA is 

often used for flux analyses at metabolic steady state and at incubations times where most 

metabolites have reached isotopic steady state425. As part of this Ph.D., we developed Iso2Flux, 

an open-source stationary 13C MFA software, and implement it into the cloud in the framework 

of PhenoMeNal446,447. We believe that this will contribute to increasing the usage of 13C MFA by 

enabling researchers and clinicians without a computational background to perform 13C MFA. 

However, when 13C MFA is applied either with a small set of experimental data or with a large 

metabolic network, the resulting solution space can be too wide to draw meaningful conclusions 

about the underlying flux distribution. Indeed, such limitation has traditionally led to qualitative 

or semiquantitative approaches, such as pathway activity analysis, being used when only small 

sets of 13C measurements are available425,426,565–567. To address such limitations and drawing from 

our experience working with GSMMs (i.e., chapter 3 and 4) where we extensively used the 

algorithm GIMME400,405 to reduce the solution space, we developed p13CMFA which uses flux 

minimization to identify the best solution in an undetermined 13C MFA solution space442. Indeed, 

as p13CMFA can be weighted by gene expression, it also allows for the first-time ever seamless 

integration of 13C resolved metabolomics with transcriptomics data. Furthermore, we 

demonstrated that, when only a limited set of measurements is available, p13CMFA can yield 

more accurate flux predictions than both 13C MFA and GIMME. We aim to make p13CMFA 

available in the next release of PhenoMeNal to facilitate its widespread use by the scientific 

community.  

Moving beyond the current implementation of p13CMFA, an exciting prospect might be to 

implement this approach to dynamic 13C MFA. Indeed, working with HepatoDyn, we noticed that 

a significant number of fitted enzyme activities had a substantial degree of uncertainty. Hence 

minimizing total enzyme activity, coupled to gene expression and enzyme activity 

measurements, could be an effective approach to reduce such uncertainty. Furthermore, with 

atom mappings now available on a genome-scale for humans GSMMs393 and some early 

successes in bacteria439, likely, 13C MFA will progressively move from central carbon metabolism 

to the genome-scale. Because the undetermined parts of the 13C MFA solution space increase 

with the size and complexity of the metabolic network, p13CMFA might prove to be essential to 

support this change of scale. We note however that this will require either a significantly more 

efficient implementation of p13CMFA or a leap in computing power as the complexity of solving 

the p13CMFA non-linear problem increases with the size of the network. 
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Nevertheless, until the possibility of genome-scale 13C MFA or p13CMFA becomes a reality, 

genome-scale flux maps can be simulated using constraint-based modeling approaches in the 

framework of GSMMs. In this context, we developed a workflow for integrating large multiomics 

data sets to build condition-specific GSMMs which can be then used to identify putative 

essential and synthetic lethal genes. Remarkably, a key step of such workflow is constraining the 

GSMM using central carbon metabolism flux maps computed from 13C MFA, thus partially 

combining both modeling layers. In the context of GSMM, we also developed r2MTA which can 

integrate both transcriptomics and rates of metabolite uptake and secretion to characterize the 

metabolic differences between two conditions and identify targets to induce a transition 

towards the biomedically desirable state. Indeed, a promising future prospect is to combine 

both approaches and enable r2MTA to integrate large multiomics data sets, including central 

carbon metabolism flux maps estimated with 13C MFA, to define the flux distribution in both the 

source and target metabolic state and identify the putative drivers of the transition between 

both states.  

The above-mentioned tools were used to study the metabolic phenotype underlying CSC and 

metastasis in prostate and colorectal cancer, respectively. In this regard, the studied cellular 

models, SW480/SW620/LiM2 and PC3S/PC3M had some striking similarities. For instance, each 

cellular model was single-patient derived, and the most aggressive populations (i.e., LiM2 and 

PC3M) had been obtained by selecting the subpopulations with enhanced capacity to 

metastasize in animal models155,157. In this context, PC3M, LiM2, and to a slightly lesser extent 

SW620, were endowed with a strong tumorigenic capacity in vivo155,157. Similarly, SW620/LiM2 

and PC3M were endowed with a faster proliferative rate and capacity to form spheroids than 

their less aggressive counterparts (i.e., SW480 and PC3S). However, an important distinction is 

that PC3M and PC3S were obtained from single-cell cloning157 and hence each cell line can be 

assumed to represent a mostly homogeneous population whereas this is not necessarily the 

case with the LiM2, SW620 or SW480 cell lines154. In this context, because PC3M had a high 

expression of pluripotency markers (e.g., MYC, KLF4, and SOX2) and were shown to be capable 

of differentiating into a PC3S-like population in vitro and in vivo157 they can be considered as a 

cellular model of CSCs in prostate cancer157,287,291,333. Conversely, although a CSC subpopulation 

within the bulk of the cell lines likely plays a crucial role in their tumorigenic potential, with the 

available experimental evidence, SW620/LiM2 are more accurately defined as a cellular model 

of metastatic populations in colorectal cancer155.  

Another common feature between both cellular models was that the most tumorigenic 

populations (i.e., SW620/LiM2 and PC3M) had a more epithelial-like phenotype than the less 



 114  
 

aggressive populations (i.e., SW480 and PC3S) which were more invasive. In this context, it is 

beginning to emerge that metastatic or CSC properties can be associated with the expression of 

epithelial markers such as E-cadherin186,188–191. Indeed, a previous work determined that the 

tumorigenic potential of PC3M could be decreased by inducing a complete EMT through genetic 

modifications157. In this regard, it has been proposed that both the metastatic and CSC 

phenotypes might be supported by an intermediate EMT where the expression of both 

mesenchymal an epithelial markers coexist137,138,192–194. Indeed, using RNA-SEQ analysis we 

determined that PC3M most likely displayed a partial EMT phenotype maintained by a balance 

between pro-EMT factors (e.g., SNAI1, SNAI2, and LATS2) and anti-EMT factors such as KLF4 or 

PRKD1. Even more, we determined that forcing a higher degree of EMT to PC3M through Snai1 

overexpression partially reversed a significant number of the gene programs differentially 

expressed between the PC3M and PC3S cellular models. Indeed, when Snai1 was overexpressed 

several genes associated with the CSC phenotype (i.e., genes that promote proliferation, 

chemotherapy resistance or facilitate invasiveness and metastatic spread) were strongly 

downregulated. Such genes included secretory proteins with potential autocrine and paracrine 

roles (e.g., VEGFC and REG4), and surface proteins (e.g., ITGA5, NRP2, TMEM4B, and TSPAN8) 

and could potentially be involved in signaling cascades that endow the PC3M cell line with the 

CSC phenotype498,500,501,508,511,568–571.  

Concerning the SW480/SW620/LiM2 models, western blot analysis showed that both SW620 

and LiM2 had strong expression of some mesenchymal markers such as VIM, CDH2 and, FN1 

with the expression of such markers being higher in LiM2. Hence it seems likely that 

SW620/LiM2 also display a partial EMT phenotype and future works should explore whether 

inducing a complete EMT in such populations could inhibit their metastatic capacity. 

Surprisingly, none of the putative key players of partial-EMT that we identified in the PC3M/PC3S 

model (e.g. SNAI1, SNAI2, LATS2, KLF4 and PRKD) were differentially expressed at the 

transcriptional level between SW480/SW620/LiM2155,534 suggesting that either they are 

regulated at the post-transcriptional level, or that the putative partial-EMT is modulated 

through other factors in the colorectal cellular models.  

At the metabolic level, PC3M/PC3S/PC3M-SNAI1 were analyzed with r2MTA with the goal of 

identifying therapeutic targets that can revert the CSC-like metabolic phenotype (PC3M-like) to 

a non-CSC metabolic phenotype (PC3S-like). Conversely, SW480/SW620/LiM2 were analyzed 

with the multiomics integration workflow, which was used to generate cell-line specific flux 

maps and identify metabolic targets that could selectively kill SW620 and LiM2. In this regard, 
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the colon epithelial cell line NCM460 was also analyzed to select those targets with minimal side 

effects on non-tumoral proliferating cell populations. 

We identified some commonalities in both the prostate and colorectal cellular models. For 

instance, the Warburg effect and glutaminolysis were upregulated in both PC3M compared to 

PC3S and in SW620/LiM2 compared to SW480. In this context, the Warburg effect is widely 

reported to support rapid proliferation, reduce ROS production and promote invasiveness, traits 

which can potentially support both metastasis and the CSC phenotype220,231,232,235,333,572–576. 

Similarly, enhanced glutaminolysis can also support rapid proliferation and protect cells from 

oxidative stress10,312–315 and has been associated with metastatic potential and the CSC 

phenotype333,577–583. Remarkably, MYC is reported to promote both the Warburg effect and 

glutaminolysis85,308,310 and it has increased expression in both PC3M and SW620/LiM2 compared 

to PC3S and SW480, respectively. This suggests that MYC might play a key role in the metabolic 

reprogramming supporting both the metastatic and CSC populations in the cell models of study.  

In addition to the Warburg effect and glutaminolysis, both PC3M and SW620/LiM2 displayed 

more activity of folate metabolism than their less aggressive counterparts (i.e., PC3S and 

SW480). In this context, folate metabolism can also support both the metastatic and CSC 

populations by promoting nucleotide synthesis, epigenetic regulation and, energy and redox 

balance269,293,294,297–299. Indeed, we determined that such overactivation of folate metabolism led 

to PC3M and SW620/LiM2 being selectively vulnerable to antifolates compared to PC3S and 

SW480/NCM460, respectively.  

However, while SW620 and LiM2 relied primarily on the cytosolic branch of folate metabolism, 

PC3M relied on the mitochondrial branch. Such dependencies represent a vulnerability as 

SW620/LiM2 could be selectively killed by inhibiting the cytosolic activity MTHFD1 while we 

predicted that the CSC-like phenotype of PC3M could be potentially attenuated by inhibiting the 

mitochondrial activities MTHFD2 and GLDC. We note that there is ample literature supporting 

that MTHFD1, MTHFD2 or GLDC can be targeted to inhibit cancer cell proliferation or 

tumorigenic potential in a variety of cancer types292,304,521,526,528,551,584,585, hence different cancer 

cell populations might be differentially dependent on the cytosolic or mitochondrial branches of 

folate metabolism.  

Additionally, in the colorectal metastasis model, we identified cysteine metabolism as a specific 

vulnerability of the metastatic cell lines. Through the multiomics integration workflow, we 

determined that in the metastatic cell lines the transsulfuration pathway is unable to produce 

enough cysteine to meet their demands for protein and glutathione synthesis and hence are 
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dependent on cystine uptake from the extracellular media. In this context, chemical inhibition 

of the Xc- cystine/glutamate antiport system was shown to selectively inhibit the proliferation 

and viability of the metastatic populations (i.e., SW620 and LiM2). Indeed, such treatment would 

synergize well with electrophilic chemotherapeutic agents (e.g. cisplatin)316,317 or 

radiotherapy586,587 as resistance to such therapeutic interventions is mostly glutathione-

dependent.  

Concerning the root cause of the dependency on cystine uptake in the colorectal cancer model, 

increased glutathione synthesis might promote metastatic spread by countering the oxidative 

stress generated as a result of the detachment from the extracellular matrix318,588–591. Indeed, 

inhibition of the Xc- system has been reported to cause a form cell death triggered by excessive 

oxidative stress as result of glutathione depletion540,541,592. Hence, we theorize that, as part of 

the metabolic adaptation underlying the acquisition of metastasis, SW620 and LiM2 might have 

upregulated glutathione metabolism and then subsequently become dependent on it to 

maintain redox balance and proliferate. In this context, it is worth noting that both SW620 and 

LiM2 had a more active oxidative metabolism than SW480 and could be expected to have a 

higher rate of ROS generation under basal conditions593. Regarding the prostate cancer cellular 

models, glutathione metabolism did not appear to be differentially active between PC3M and 

PC3S. Even more, PC3M were shown to have lower glutathione levels than PC3S333. Hence, 

targeting the Xc- system is not likely to be a selective therapeutic approach against PC3M.  

Additionally, in the colorectal cancer model, we identified that the metastatic cell lines had 

significantly less intracellular concentration of the antiproliferative peptide carnosine552–557,559 

than SW480. Similarly, previous work had determined that PC3M were shown to have less 

content of long fatty acids with antiproliferative properties than PC3S291. Indeed, the 

proliferation of PC3M could be selectively inhibited by blocking fatty acid oxidation leading to 

the accumulation of such fatty acids291. Similarly, MTHFD2 and PYCR1, identified as targets 

against the PC3M phenotype using r2MTA, have been suggested to support cancer proliferation 

by contributing to maintaining low concentrations of 4-carboxamide ribonucleotide and 

pyrroline-5-carboxylate, respectively, which are described to have anti-proliferative 

effects521,523,524. Hence, we theorized that inducing carnosine synthesis could prove to be an 

effective therapeutic strategy against SW620 and LiM2. With this aim, we performed a 

systematic KO of all genes within the cell line specific GSMMs and evaluated their capacity to 

induce carnosine synthesis. We identified that carnosine synthesis is most likely driven by the 

GAD1-catalyzed aspartate decarboxylation378,594 and that it could be enhanced by increasing 

aspartate concentration through inhibition of either PDH or citrate synthase. In this context, 
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future works should evaluate the therapeutic potential of citrate synthase inhibitors (e.g. 

Suramin595,596) which could increase carnosine content in cancer cell populations expressing 

both GAD1 and carnosine synthase. On this subject, such inhibitors would have little effect on 

the PC3M/PC3S models as they displayed low expression of such enzymes. Additionally, the 

analysis here performed highlights that simulating gene KO in the framework of cancer-specific 

GSMM can go beyond identifying essential and synthetic lethal genes necessary for biomass 

production and also identify therapeutic interventions aimed at inducing the synthesis of a 

metabolite with antiproliferative or pro-apoptotic properties. 

Notably, both in the prostate and colorectal cancer models we also determined that variations 

in metastatic and tumorigenic potential could occur largely independent of metabolic 

reprogramming. For instance, inducing a complete EMT in PC3M was shown to significantly 

reduce their proliferation and tumorigenic potential157 and indeed we saw that many gene 

signatures and genes putatively associated with CSC were significantly downregulated. 

However, through r2MTA we determined that such process was not associated with a significant 

metabolic shift towards a PC3S-like metabolic phenotype. Hence, we posit that the metabolic 

reprogramming supporting the PC3M-like CSC metabolic phenotype is mostly independent of 

EMT status. However, we note that SNAI1 overexpression in PC3M resulted in a significant 

downregulation of glutathione metabolism, including the Xc- system, hence their reduced 

tumorigenic potential could be partially attributed to a reduced capacity to cope with oxidative 

stress237.  

Similarly, there were only subtle differences between the metabolic phenotype of SW620 and 

LiM2 even though the latter were derived through in vivo selection of the SW620 clones with 

more metastatic potential. We theorize that the metabolic phenotype of SW620 is already 

largely optimized for metastasis and that the increased metastatic potential in LiM2 is largely 

attributed to non-metabolic changes in line with the previous findings155. Indeed, this similarity 

can be exploited therapeutically as both populations were shown to share the same metabolic 

dependency on cystine uptake and folate metabolism and hence could be targeted by the same 

drugs.  

Overall, the work presented here provides a greater understanding of the metabolic 

reprogramming supporting the metastatic and CSC phenotypes in colorectal and prostate 

cancer. In this regard, the metabolic vulnerabilities emerging from such metabolic 

reprogramming and identified as part of this Ph.D. pave the way for developing targeted 

therapies against such cancer types. Future works should explore the effectiveness of the 
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identified targets in animal models and in other cancer types with the ultimate goal of identifying 

biomarkers that can be used to select the patients that would respond favorably to such 

therapies. Furthermore, the Systems Biology tools and techniques developed here can 

potentially be used to build patient- and disease-specific metabolic networks and determine the 

best therapeutic strategy for each individual patient, hence contributing to ushering the age of 

personalized medicine.  

  



6. Conclusions
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6. Conclusions

1) HepatoDyn is a highly detailed kinetic model capable of simulating hepatocyte central

carbon metabolism with an unprecedented level of detail.

2) Exposure to high fructose concentrations can severely impair the metabolism of

hepatocytes by causing a depletion of ATP, a phenomenon that can be studied with

HepatoDyn.

3) 13C MFA can be easily run in the cloud and as part of multi-step workflows with Iso2Flux, a

novel 13C MFA software implemented into the PhenoMeNal e-infrastructure.

4) 13C resolved metabolomics and transcriptomics data can be seamlessly integrated through

p13CMFA to trace metabolic fluxes across metabolic networks.

5) r2MTA is a new algorithm for robustly identifying the metabolic pathways coordinately

upregulated between two conditions and identifying the optimal therapeutic interventions

to drive the transition towards the biomedically desirable condition.

6) Expression of putative molecular drivers of prostate CSCs (e.g., MYC, VEGFC, REG4, ABCA3,

and TSPAN8) is associated with a partial EMT phenotype in the PC3M cellular model.

7) The prostate PC3M CSC-like phenotype is also supported by a metabolic gene expression

program that is largely uncoupled from partial-EMT and which can be targeted by

antifolates.

8) Multiple layers of experimental data (e.g., rates of uptake and secretions of metabolites,

respiration parameters, 13C resolved metabolomics, targeted metabolomics,

transcriptomics, and gene dependencies) can be integrated to build condition-specific

GSMMs using a newly developed workflow.

9) The colorectal cancer metastatic cell lines SW620 and LiM2 can be selectively killed by

targeting either cystine uptake or folate metabolism.

10) Inducing the synthesis of the antiproliferative peptide carnosine by inhibiting citrate

synthase is a putative therapeutic strategy against cancer cell populations expressing GAD1

and carnosine synthase.
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Abstract
The liver performs many essential metabolic functions, which can be studied using compu-

tational models of hepatocytes. Here we present HepatoDyn, a highly detailed dynamic

model of hepatocyte metabolism. HepatoDyn includes a large metabolic network, highly

detailed kinetic laws, and is capable of dynamically simulating the redox and energy metab-

olism of hepatocytes. Furthermore, the model was coupled to the module for isotopic label

propagation of the software package IsoDyn, allowing HepatoDyn to integrate data derived

from 13C based experiments. As an example of dynamical simulations applied to hepato-

cytes, we studied the effects of high fructose concentrations on hepatocyte metabolism by

integrating data from experiments in which rat hepatocytes were incubated with 20 mM glu-

cose supplemented with either 3 mM or 20 mM fructose. These experiments showed that

glycogen accumulation was significantly lower in hepatocytes incubated with medium sup-

plemented with 20 mM fructose than in hepatocytes incubated with medium supplemented

with 3 mM fructose. Through the integration of extracellular fluxes and 13C enrichment mea-

surements, HepatoDyn predicted that this phenomenon can be attributed to a depletion of

cytosolic ATP and phosphate induced by high fructose concentrations in the medium.

Author Summary

Despite the key role of hepatocytes in carbohydrate and lipid homeostasis, available
dynamic models of hepatocyte metabolism tend to be limited to a single pathway and/or
are based on assumptions of constant concentrations of key metabolites involved in redox
and energy metabolism (ATP, NAD, NADPH etc.). Furthermore, most dynamic models
are unable to integrate information from 13C based experiments. 13C based experiments
allow us to infer the relative activity of alternative pathways and hence are highly useful
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for indicating flux distributions. To overcome these limitations, we developed HepatoDyn,
a dynamic model of hepatic metabolism. HepatoDyn uses a large metabolic network
including key pathways such as glycolysis, the Krebs cycle, the pentose phosphate pathway
and fatty acid metabolism, and dynamically models the concentrations of metabolites
involved in the redox and energy metabolism of hepatocytes. In addition, the model was
coupled to the label propagation module of the package IsoDyn, allowing it to integrate
data from 13C based experiments to assist in the parametrization process. These features
make HepatoDyn a powerful tool for studying the dynamics of hepatocyte metabolism.

Introduction
No other organ performs as many physiological functions as the liver. The liver is responsible
for detoxification, bile acid and blood proteins synthesis, plays a key role in the inflammatory
response and, above all, it is a key regulator of glucose and lipid homeostasis in blood. Most of
its functions and properties can be linked to hepatocytes, the most abundant cell type in liver,
and therefore hepatocytes are often used as a model to study liver function and pathologies [1].
Accordingly, computational modelling of hepatocyte metabolism has received a great deal of
interest.

Recently, genome scale metabolic reconstructions based on stoichiometric modelling tech-
niques have been successfully used to model hepatocyte metabolism [2–4]. However, stoichio-
metric models provide a static picture of metabolism based on mass balance equations and the
assumption that the system is under a strict steady state. In these models each reaction step is
described by only one parameter, its steady state flux [5]. The alternative is to use dynamic
metabolic models, usually referred to as kinetic models. They are based on building a system of
ordinary differential equations (ODEs), with kinetic laws describing transport and chemical
transformations for each reaction-step and parameters describing biochemical and biophysical
constraints. Kinetic modelling has two main advantages over stoichiometric based modelling;
firstly, it is capable of performing dynamic simulations, that is to say, it can predict the varia-
tion in metabolite concentrations and fluxes over time outside of the steady state. Secondly, it
can follow the global effects of constraints emerging from the specific kinetic properties of
enzymes, post-translational modifications and regulatory circuits, thus revealing the complex
regulation of the system. Over the years, multiple kinetics models of hepatocyte metabolism
have been developed [6–11]. The main limitation of kinetic models is that they are complex to
build and parametrize. Due to this complexity, kinetic models of hepatocyte metabolism avail-
able in the literature contain only a small number of reactions and, with some exceptions [11],
are often limited to a single pathway. Furthermore, with the exception of some models focused
on mitochondria [8, 9], most of them assume a constant redox and energy state, which limits
their application. In fact, despite the huge interest in hepatocyte metabolism, there are no mod-
els capable of adequately modelling the effects of the energy and redox dynamics on hepatocyte
core metabolism. Additionally, while 13C experiments have proven their usefulness in studying
the metabolism of hepatocyte under metabolic steady state [12–24], there was only one kinetic
model of hepatocyte capable of integrating 13C data [10].

In this work, we present HepatoDyn (HepatocyteDynamics) a model of hepatocyte core
metabolism capable of simulating the redox (NAD/NADH, NADP/NADPH, etc.) and energy
(ATP/ADP/AMP, etc.) dynamics. The model includes glycolysis, gluconeogenesis, glycogen
metabolism, the pentose phosphate pathway, the Krebs cycle and fatty acid metabolism as well as
reactions associated with energy and redox metabolism (respiratory chain, malate/aspartate

A Dynamic Model of Hepatocyte Metabolism That Integrates 13C Isotopomer Data

PLOS Computational Biology | DOI:10.1371/journal.pcbi.1004899 April 28, 2016 2 / 19

Universitaris i de Recerca (AGAUR) – Generalitat de
Catalunya (2014SGR1017). MC acknowledges the
support received through the prize “ICREA
Academia” for excellence in research, funded by
ICREA foundation – Generalitat de Catalunya. WNPL
was partially supported by NIH/NCCAM Center for
Excellence in Pancreatic Diseases grant P01
AT003960-01. JJG was supported by MINECO-
European Commission FEDER funds – “Una manera
de hacer Europa” (SAF2014-54525-P). The funders
had no role in study design, data collection and
analysis, decision to publish, or preparation of the
manuscript.

Competing Interests: The authors have declared
that no competing interests exist.



shuttle, glycerol phosphate shuttle, etc.). To our knowledge, no model of such size capable of
dynamic redox and energy metabolism simulations exists in the literature. Furthermore, the
model was coupled to the module for isotopic label propagation of the software package IsoDyn
[25, 26]. This enables HepatoDyn to integrate data from 13C based experiments to assist in the
parametrization process, regardless of whether experimental measurements correspond to an
isotopic steady state. The latter is a key feature because the levels of isotopic label enrichment are
often a non-steady phenomenon with long transition times [27]. Therefore, HepatoDyn is a very
powerful tool capable of taking advantage of both the constraints derived from a detailed tissue-
specific kinetic model and data derived from 13C based experiments to simulate hepatocytes.

In the last decades there has been a significant increase in fructose in our diets [28] and
accordingly there is great interest in studying the potential effects of fructose in the metabolism
[29–32]. To date, fructose-rich diets have been associated with many adverse metabolic condi-
tions, such as nonalcoholic fatty liver disease, insulin resistance and obesity [28, 33, 34], most
of which are directly or indirectly related to abnormal hepatocyte function. Therefore, we used
HepatoDyn to study the short-term response of hepatocyte metabolism to different concentra-
tions of fructose.

Materials and Methods

Experimental Methods
Materials. [1,2-13C2]D-glucose (>99% enriched) and [U-13C6]D-fructose (>99%

enriched) were purchased from Isotec (Miamisburg, OH, USA), and other reagents used were
from Sigma-Aldrich Company (St. Louis, MO, USA).

Animals. 180–200 g male Wistar rats were used. They were maintained in a 12 h:12 h
light-dark cycle with free access to standard laboratory rat chow pellets (Panlab) and water.
Animals were deprived of food 24 h prior to hepatocyte isolation. Experiments were conducted
according to guidelines accepted by the University Animal Care and Use Committee. Appro-
priate measures were taken to minimize pain or discomfort in the animals.

Preparation of cells and incubation. Suspensions of isolated parenchymal liver cells were
prepared from 24-h starved animals as described previously [35]. Cell suspensions were incu-
bated at 37°C with gassing and continuous shaking (160 strokes/min) for 2 h with Krebs–
Ringer bicarbonate buffer of pH 7.4 containing glucose and fructose. At the end of the incuba-
tions, cells were centrifuged and the incubation media and cell pellets were obtained.

Measurement of metabolites. Glycogen content from cell pellets and glucose and lactate
concentrations in incubation media were determined as described previously [19].

Gas chromatography/ mass spectrometry sample processing and analysis. Incubation
media were processed for isolation of lactate, glucose, and glutamate using previously estab-
lished methods [36, 37]. To analyse fructose isotopologues distribution, lyophilized incubation
medium was treated with 0.5 N sodium borohydride in methanol for 2 h at room temperature,
causing both fructose and glucose to be transformed to sorbitol. The resulting sorbitol was
then isolated by ion exchange chromatography as described for glucose [37]. Glycogen was iso-
lated from cell pellets as described previously [19]. Once isolated, glucose from the medium or
from hydrolysed glycogen, as well as lactate, glutamate and sorbitol were derivatized for gas
chromatography/mass spectrometry (GC/MS) analysis [36, 38, 39]. In the case of sorbitol, it
was derivatized to its hexaacetate derivative according to a modification of the method
described by Wolfe [40]. A mass selective detector HP 5973 equipment coupled to a gas chro-
matograph HP 6890 was used for all the metabolites as described elsewhere [36, 38, 39]. The
GC/MS method for sorbitol analysis was the same as that for glucose analysis. Chemical ioniza-
tion was used to obtain the molecular ion (C1-C6) of the glycogen or medium glucose
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molecules at m/z 328, and the same for the lactate molecule (C1-C3) at m/z 328 and sorbitol
molecule (C1-C6) at m/z 375. Electron impact ionization was used to characterize the isotopo-
logue fractions of C1-C4 (m/z 242) and C3-C6 (m/z 187) glycogen glucose fragments, as well
as C2-C4 (m/z 152) and C2-C5 (m/z 198) glutamate fragments.

Spectral data were corrected using regression analysis to extract natural 13C enrichment
from results [41]. Measurement of 13C label distribution determined the different relative dis-
tribution percentages of the isotopologues, m0 (without any 13C labels), m1 (with one 13C), m2
(with two 13C), etc.

Building the model
Ametabolic network, including those pathways deemed necessary to accurately and dynami-
cally simulate the core metabolism of rat hepatocytes in the study conditions, was constructed
based on pathways that have been reported in the literature to be active in hepatocytes [42, 43].

Each reaction in the metabolic network was assigned a kinetic law. Kinetic laws describe the
dependence of each reaction flux on metabolite concentrations. They take into account the
affinity of substrates and products, the reaction mechanism and the effect of activators and
inhibitors on reaction fluxes. The kinetic laws used were mostly derived from existing kinetic
laws described in the literature [6, 11, 44]. The exceptions were the kinetic laws for aldolase
activity, which catalyses eight related elementary reactions, which were built as described in the
Supplementary Material (S1 Text).

Kinetic laws are integrated with the metabolic network topology, described by the stoichio-
metric matrix (N), to build a system of ordinary differential equations (ODEs) that predict the
evolution of metabolite concentrations, and by extension the evolution of reaction fluxes, over
time. Because fluxes are provided in units of mmol per cell perminute, but ODEs are solved in
units of mmol per litre perminute, in order to build the ODEs, the cell number and the volume
of the compartment at which each metabolite is located must also be taken into account. There-
fore, the system of ODEs can be written as:

dc½t�
dt

¼ N � jðc½t�; pÞ � ncell
vol

ð1Þ

Where j is a vector of reaction fluxes, which is a function of the vector of metabolite concentra-
tions (c[t]) in mM, and a vector model parameter (p) as defined by the kinetic laws used in the
model, ncell is the cell number and vol is a vector containing the volumes of the compartment
at which each metabolite is localized in litres.

In reversible reactions, forward and reverse reaction rates are computed separately with dif-
ferent kinetic laws, albeit sharing most of the parameters. Additionally, the fluxes of invisible
reactions, that is to say, reactions that can propagate labelled carbons even though they do not
change the overall concentrations of metabolites, are also computed [10]. This is necessary in
order to fully simulate the propagation of 13C.

To simulate the propagation of 13C through the metabolic network, fluxes are decomposed
into isotopomer fluxes. Then, an ODE system is built using the algorithms from IsoDyn [25,
26]. The resulting ODE accounts for concentrations of all isotopomers, isomers with 13C sub-
stitution in specific carbon positions [24]. To avoid unnecessary complexity, isotopomers are
not simulated for those metabolites where, according to the defined metabolic network, 13C
from labelled substrates cannot be propagated. The process is briefly summarized in Fig 1.

The system of differential equations for metabolite and isotopomer concentrations is solved
to predict metabolic fluxes, metabolic concentrations and isotopomer concentrations from the
initial time to the defined end time.
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Fig 1. Example of how ODEs are automatically built for isotopomers andmetabolites consumed or
produced by the pyruvate dehydrogenase catalysed reaction (PDH). PDH irreversibly transforms
mitochondrial pyruvate (mPyr), NAD (mNAD), and coenzyme A (mCoA) into mitochondrial acetyl-CoA
(mACoA) and NADH (mNADH). The system of differential equations is solved taking into account all
equations for total concentrations of metabolites and for concentrations of isotopomers. From the previous
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Model predictions are for isotopomers but experimental measurements refer to isotopolo-
gues (or mass isotopomers), isomers with a specific number of 13C substitutions [24]. Thus, the
resulting concentrations of isotopomers are converted into fractions of isotopologues, by add-
ing up all isotopomers that correspond to each isotopologue and dividing by the total concen-
tration of each metabolite (S1 Fig). The fractions of such isotopologues can then be compared
with the experimental measurements obtained with GC coupled to MS.

Parameterization
Kinetic parameters representing enzyme activity (Vmax or equivalent) were fitted to the experi-
mental data. For this process Vmax from the reverse reaction rate in reversible reactions are
assumed to be a function of the Vmax of the forward reaction and of the equilibrium constant
as described by the Haldane relationship [44]. To further reduce the number of parameters fit-
ted, enzyme activities catalysing sequential reactions with no ramifications (the so called reac-
tions chains) were fitted as a group. This is because in reactions chains the flux through the
whole chain could be determined by any of the enzyme activities involved and consequently
most of the activities of enzymes constituting the chain would be unidentifiable. Furthermore,
other activities known to be unidentifiable are not fitted, such as the activities of reactions that
are known to operate in rapid equilibrium in physiological conditions (glucose phosphate
isomerase, triose phosphate isomerase, enolase, etc.). The remaining parameters of the kinetic
model were assigned based on an extensive literature search, completed with data from Brenda
[45] and UniProt [46] databases.

The fitting algorithm, a variant of the basic simulated annealing algorithm [47], seeks the
set ofm parameters (Ez) that minimizes the objective function. The objective function (X2) is
the square deviation between the n experimentally measured values (Yi) and simulated values
(Zi) for both isotopologue fractions and total metabolite concentrations, normalized by the
experimental standard deviation (σi). To prevent a bias generated by very low standard devia-
tions, a minimum threshold of 0.01 was used. Additionally, parameter sets where any metabo-
lite reached concentrations greater than 50 mM were discarded.

X2 ¼
Xn

i¼1

Yi � ZiðE1; E2; . . . ; EmÞ
si

� �2

ð2Þ

Consequently, the fitting algorithm seeks the set of enzyme activities that minimize the dif-
ference between experimentally measured and simulated isotopologue fractions and metabolite
concentrations in the experimental conditions considered.

Identifiability analysis
The fitting procedure provides one set of fitted parameters, which minimizes the objective
function, and is referred to as the best fit parameter set. However, other sets of parameter val-
ues might result in similar or equal objective function values and are therefore as valid as the
best fit. The range of acceptable variation in parameters was evaluated through an

step in the simulation, the PDH flux (Jpdh) is computed, which is a function of the concentrations of the
reactants and products (m) and the kinetic parameters of PDH (p). For the ODEs describing the concentration
of metabolites the computed value is added (+ =) and subtracted (- =) for products and substrates,
respectively. For the ODE describing a particular isotopomer, the flux value is scaled according to the relative
abundance of the isotopomer for the substrate (mPyri) and the resulting scaled flux (JPDHi) is added (+ =) and
subtracted (- =) to d[mACoAi]/dt and d[mPyri]/dt, respectively. Isotopomers are not simulated for CoA, NAD or
NADH because it is assumed that 13C from labelled substrates does not propagate to such metabolites.

doi:10.1371/journal.pcbi.1004899.g001
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identifiability analysis. Identifiability is a property that indicates whether unknown model
parameters can be determined from the available experimental data. It depends both on the
structure of the model and the quality and amount of experimental data. A parameter is
defined as identifiable if the confidence interval for its estimated value at a given significance
level is finite [48, 49].

If we define X2(θi) as the optimized square deviation if parameter i is fixed to a value of θi
and the remaining parameters being fitted θj are readjusted to minimize the square deviation

X2ðyiÞ ¼ minyj6¼i
½x2ðyjÞ� ð3Þ

then if experimental errors are assumed to follow a normal distribution, for a parameter i, the
confidence interval can be defined as:

fyijX2ðyiÞ � X2
bf < Dag with Da ¼ X2ða; 1Þ ð4Þ

where X2
bf is the best fit square deviation (optimized with no fixed parameters) and Δα is the

significance threshold associated with a given significance level (α) with a Chi Square distribu-
tion with one degree of freedom. Accordingly, the upper and lower limit of the confidence
intervals for a given parameter are estimated by respectively increasing and decreasing the
value of the parameter until the square deviation difference obtained when optimizing the
remaining parameters exceeds the threshold (Δα) [48].

Additionally, intervals for system dependent variables (fluxes, metabolite concentrations
and isotopologue fractions at different time points) are estimated from the maximum and min-
imum parameter values of confidence intervals generated during the identifiability analysis.

Results

HepatoDyn: A kinetic model capable of integrating 13C based
measurements
We present HepatoDyn, the first detailed model of hepatocyte core metabolism capable of
dynamically simulating energy and redox metabolism. It consists of 88 reactions and 81 metab-
olites distributed into three compartments (extracellular, cytosolic and mitochondrial). A sche-
matic representation of the model can be found in Fig 2 and a complete list of metabolites,
reactions and compartments can be found in S1, S2 and S3 Tables, respectively.

Each reaction has an associated kinetic law and the model has a total of 470 parameters
associated to kinetic laws (S4 Table). 55 of these parameters correspond to enzyme activities
that were fitted to experimental data, taking parameter groups (S5 Table) into account this
results in 29 independent parameters that were fitted to experimental data. To the greatest
extent possible, the kinetic laws and their parameters were specific to the enzyme isoforms
active in the liver.

It is worth noting, that while most of the reactions included in HepatoDyn are also present
in genome scale reconstructions of hepatocyte metabolism [2–4], HepatoDyn includes com-
plete kinetic laws and regulatory loops, which allow for dynamic and regulatory studies. Never-
theless, HepatoDyn also has 2 reactions that are absent in genome scale reconstructions of
hepatocyte. Specifically, the reactions aldolase 3 (Fru16bP + Gra$ Fru1P + GraP) and trans-
ketolase 3 (Fru6Pa + Rib5P$ E4P + Sed7P). Those reactions emerge because the enzymes
aldolase and transketolase allow multiple combinations of substrates and products. Addition-
ally, HepatoDyn also incorporates the channelling of hexose phosphates to glycogen in the
form of two separate pools of hexose phosphates, a and b, as previously described in the litera-
ture [10].
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Fig 2. Schematic representation of the metabolic network used in the model. In this representation, reactions associated with the glycolytic and
gluconeogenic pathways are coloured in blue, reactions associated with glycogen metabolism are coloured in purple, reactions associated with the pentose
phosphate pathway are coloured in pink, reactions associated with the Krebs cycle are coloured in orange, reactions associated with fatty acid metabolism
are coloured in red and other reactions associated with redox and energy metabolism are coloured in green. Specifically, the reactions id of each reaction
represented are 1:glctr, 2: gka, 3 g6pasea, 4: gkb, 5: g6paseb, 6: gpia, 7: gpib, 8: pfkla1, 9: fbasea1, 10: pfklb1, 11: fbaseb1, 12: pfkla2, 13: fbasea2, 14:
pfklb2, 15: fbaseb2, 16: aldo1, 17: aldo2, 18: aldo3, 19: tim, 20: trik, 21: fruhk, 22: frutr, 23: gapdh, 24: pgk, 25: pgm, 26: eno, 27: pepck, 28: pk, 29: ldh, 30:
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The kinetic model, fully parametrized, can be found in SBML format in the Supplementary
Material (S1 XML and S2 XML).

In addition, HepatoDyn is capable of simulating the propagation of 13C from isotopically
labelled substrates to metabolic intermediaries and products. This allows HepatoDyn to inte-
grate isotopologue enrichment measurements from 13C based experiments greatly enhancing
the predictive capabilities of the model.

HepatoDyn is provided in the Supplementary Material as a C++ program (S1 Software).

Analysing the effects of fructose on hepatocyte metabolism using
HepatoDyn
The liver has a high capacity to metabolize fructose, it is estimated that up to 50% of fructose
ingested is metabolized by hepatocytes [50]. Fructose metabolism in hepatocytes consists of
phosphorylation of fructose to fructose 1-phosphate by fructokinase and the split of this
metabolite by the liver aldolase isoform (aldolase B) into dihydroxyacetone-phosphate and
glyceraldehyde, with the latter metabolite being phosphorylated by triokinase into glyceralde-
hyde 3-phosphate. Because fructose enters at the level of triose phosphate, bypassing the highly
regulated glucokinase and phosphofructokinase steps of glycolysis, fructose uptake is largely
unregulated. Consequently, the limiting step in fructose metabolism is assumed to be fructose
uptake by hepatocytes, which is heavily dependent on the extracellular concentration of fruc-
tose due to the low affinity of the proteins mediating fructose transport into hepatocytes,
GLUT2 and other carriers like GLUT8 [51–53].

As a proof of concept of the capabilities of HepatoDyn, we applied it to study the short term
response of hepatocytes to incubation with 20mM glucose supplemented by either 3mM fruc-
tose or 20mM fructose. These concentrations were chosen because our experimental data
showed that hepatocytes responded quite differently to them. While incubation with 20mM
glucose supplemented with 3mM fructose resulted on a rapid glycogen accumulation, incuba-
tion with 20mM glucose supplemented with 20mM fructose resulted on almost no glycogen
accumulation (Fig 3.A). While it has been reported that supplementation with low concentra-
tions of fructose favours glycogen accumulation [19, 29, 54], the fact that supplementation
with high fructose concentrations inhibits glycogen accumulation was not known. Further-
more, isotopologue analysis indicated that in the second condition, unlike the first condition,
almost no 13C from labelled glucose was propagated to lactate (Fig 3.B). In both conditions lac-
tate and glucose were produced from fructose at a similar rate. Hence it was an interesting case
of study.

Specifically, HepatoDyn was used to integrate experimental measurements derived from
rat hepatocytes incubated for 2 h with the following media: 20 mM glucose 50% enriched in
[1,2-13C2]-glucose and 3 mM fructose (condition A1), 20 mM glucose and 3 mM fructose
50% enriched in [U-13C6]-fructose (condition A2) and 20 mM glucose 50% enriched in
[1,2-13C2]-glucose and 20 mM fructose (condition B). The experimental data for condition A1
had been published previously [19]. This integration was achieved using the experimental
measurements of extracellular concentrations and isotopologue fractions as input to fit the 29
independent parameters associated to enzyme activities in the model assuming that the

lactr, 31: pyrtr, 32: mpyrtr, 33: pc, 34: dic, 35: pglm, 36: ugt, 37: gs, 38: gp, 39: g6pdh, 40: pgndh, 41: rpi, 42: rul5pepi, 43: tk1, 44: tk2, 45: tk3, 46: ta, 47: pdh,
48: cs, 49: aco, 50: idh, 51: kdh, 52: scs, 53: sdh, 54: fh, 55: mmdh, 56: malic, 57: citmtr, 58: citly, 59: acoacar, 60: fasyn, 61: box, 62: aatc, 63: aspglumtrans,
64: aatm, 65: malkgmtrans, 66: cmdh, 67: transa, 68: glutr, 69: glyc3pcdh, 70: glyc3pmdh, 71: nadhdh, 72: coqhoxi, 73: atpase, 74: pimtr, 75: pitr, 76: ppase,
77: atpmtrans, 78: cndk1, 79: cndk2, 80: mndk and 81 adk. Invisible reactions are not shown for clarity. The full lists of metabolites and reactions can be
found on S1 and S2 Tables respectively.

doi:10.1371/journal.pcbi.1004899.g002
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Fig 3. Bar graphs representing the experimentally determinedmetabolite productions (3.A) and isotopologue fractions (3.B) in experimental
conditions.Measurements were taken after incubating hepatocytes for 2 hours with 20 mM glucose 50% enriched in [1,2-13C2]-glucose and 3 mM fructose
(condition A1), 20 mM glucose and 3 mM fructose 50% enriched in [U-13C6]-fructose (condition A2) and 20 mM glucose 50% enriched in [1,2-13C2]-glucose
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enzyme activities, normalized by cell number (S2 Fig), were equivalent in the three conditions.
Consequently, the fitting algorithm identifies a single set of parameters that allows reproduc-
tion of the three experimental conditions. It is worth noting that because conditions A1 and
A2 only differ in the labelling pattern of substrates, the predicted fluxes and concentrations
values will be the same in both conditions. The resulting values of the fitted parameters can be
found in S6 Table. The resulting metabolites concentrations for condition A1/A2 and condi-
tion B can be found on S3 and S4 Figs respectively. The resulting fluxes for condition A1/A2
and condition B can be found on S5 and S6 Figs respectively. The resulting isotopologue frac-
tions for key metabolites in condition A1, A2 and B can be found on S7, S8 and S9 Figs respec-
tively. A comparison between the experimentally measured metabolite concentrations and
isotopologue fractions and those simulated by the model with the best fit parameter set can be
found in Fig 3.

High concentrations of fructose have been shown in vivo and in vitro to result in the deple-
tion of ATP and phosphate in hepatocytes [52, 55]. This occurs due to an accumulation of fruc-
tose 1-phosphate caused by the elevated fructokinase activity [52, 55]. This phenomenon was
predicted by HepatoDyn. The model predicted that a persistent cytosolic ATP and phosphate
depletion would occur with an extracellular concentration of 20 mM fructose (Fig 4). This is
mainly caused by an accumulation of fructose 1-phosphate, although the depletion can also be
partially attributed to the accumulation of some other phosphorylated metabolites. In this con-
text, the low glycogen synthesis observed at 20mM glucose supplemented with 20 mM fructose
can be attributed to the depletion of cytosolic ATP and phosphate. Likewise, the almost non-
existent propagation of 13C from glucose to lactate under this condition can mainly be attrib-
uted to the low glucokinase and phosphofructokinase activities caused by ATP depletion. Con-
versely, at 20mM glucose supplemented with 3 mM fructose, a persistent accumulation of
fructose 1-phosphate does not occur. Accordingly, under this condition, ATP and phosphate
are not persistently depleted (Fig 4).

Identifiability
Overall, 25 of the 29 independent parameters were identifiable with at least 95% confidence.
This remarkable degree of identifiability can be attributed to the numerous feedback regula-
tions through the redox and energy balances (ATP/ADP, NADH/NAD, etc.), the use 13C data
and the integration of data from multiple metabolic conditions.

Concerning the non-identifiable parameters, the non-identifiability of the aldolase activity
and the activities involved in the lactate production and malate aspartate shuttle reaction
chains can be attributed to the fact that the reactions associated to those pathways are predicted
to be close to the equilibrium in experimental conditions, hence the system is fairly insensitive
to the value of the enzyme activities associated to them. On the other hand, the non-identifia-
bility of the citrate synthase activity arises because in our model the flux through the citrate
synthase reaction can depend solely on the two activities upstream, pyruvate dehydrogenase
and β-oxidation, which catalyse the production of acetyl-CoA, the substrate of citrate synthase.

Compared to parameters, fluxes and to a lesser extent concentrations, show a much nar-
rower range of variation (S3, S4, S5 and S6 Figs). This can serve as an indication of robustness,

and 20 mM fructose (condition B). The red dot indicates the value fractions simulated by HepatoDyn using the best fit parameter set. Results of the
isotopologue fractions are reported as m0, m1, m2, etc. where m0, m1, m2. . . indicate the number of 13C atoms in the isotopologue fractions of a given
metabolite.

doi:10.1371/journal.pcbi.1004899.g003
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Fig 4. Plot of the simulated concentrations over time for extracellular fructose (eFru), fructose
1-phosphate (Fru1P), cytosolic phosphate (cPi) and cytosolic ATP (cATP). Specifically, the simulated
concentrations in hepatocytes incubated with 20 mM glucose and 3 mM fructose (conditions A1 and A2,
described in the main text) or 20 mM glucose and 20 mM fructose (condition B, described in the main text) are
shown. The red plot indicates the values predicted with the best fit parameter set and the grey area indicates
the estimated range of variations taking parameter sets within the 95% confidence intervals derived from the
identifiability analysis.

doi:10.1371/journal.pcbi.1004899.g004
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the capacity of the system to maintain its functional properties in the face of external and inter-
nal perturbations and uncertainty [56].

Interestingly, fluxes associated with the pentose phosphate pathway and fatty acid synthesis
have fairly low upper bounds in both conditions (incubation with 3 mM fructose and 20 mM
glucose and incubation with 20 mM fructose and 20 mM glucose). This is consistent with hepa-
tocytes extracted from fasted rats, as they can be expected to have low activity in fatty acid syn-
thesis, and thus only need to generate a small amount of reductive potential (NADPH) to
maintain cell functions. However, with longer incubation times, an increase in the fatty acid
synthesis and pentose phosphate pathway activities and fluxes should be observed as fructose is
known to increase the expression of key lipogenic enzymes in hepatocytes[28, 57, 58].

It is also worth noting that the identifiability analysis further reinforces the notion that hex-
ose phosphate metabolism in hepatocytes is compartmentalized into two different pools as pre-
viously reported [10]. This is because most of enzyme activities present in both hexose pools
have a lower bound above 0 in the confidence interval, suggesting that the separation of hexose
phosphates into two separate pools must be taken into account to adequately simulate the
experimental conditions. If there was no compartmentalization, all activities present in both
pools would have a lower bound of 0 because they would be made redundant by the activities
in the other pool.

Discussion
Metabolic modelling is based on applying constraints to limit the space of feasible solutions for
system variables, such as reaction fluxes and metabolite concentrations. Constraints can arise
from different components of the model including reaction stoichiometry and kinetic laws,
and from the experimental measurements integrated by the model. Consequently, the use of a
highly complete metabolic network, including the fundamental balances affecting redox and
energy metabolism (ATP/ADP, NAD/NADH, etc.), serve as an important set of constraints.
Furthermore, the inclusion of highly detailed kinetic laws and parameters derived from the lit-
erature further constrains the solution space. For instance, important constraints that emerge
from kinetic laws are regulatory circuits, such as fructose 6-phosphate inhibiting glucokinase
or fructose-1-phosphate disrupting such inhibition [59–61]. Other important constraints that
emerge from the kinetic laws are thermodynamics constraints, which are in the form of equilib-
rium constants. Finally, integrating 13C based data provides additional constraints such as
labelling enrichments which provide information on ratios among fluxes through alternative
metabolic pathways. While numerous kinetic models of hepatocytes exist in the literature [6–
11], HepatoDyn is the first that is capable of integrating all the aforementioned constraints in a
single model.

As a proof of concept of the capabilities of the model, we applied HepatoDyn to study the
metabolic effects of high fructose concentrations on rat hepatocytes. Experimental data showed
that hepatocytes behaved quite differently depending on whether they were incubated with
20mM Glucose supplemented with either 3 mM fructose or 20 mM fructose. Using Hepato-
Dyn, we managed to find a physiological explanation for this behaviour, which involved the
rapid and persistent depletion of cytosolic ATP and phosphate at 20 mM fructose, which was
in accordance with information reported in the literature [52, 55]. This phenomenon has a
strong dynamic component, is dependent on the kinetic properties of enzymes and on the bal-
ances involved in energy metabolism. Additionally, it may be relevant for understanding the
potential adverse effects of fructose-rich diets. This is because ATP depletion impairs protein
synthesis and induces inflammatory and prooxidative changes and thus, in a fructose-rich diet,
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this depletion might result in increased susceptibility of hepatocytes to injury leading to adverse
hepatic conditions such as nonalcoholic fatty liver disease [62].

Furthermore, HepatoDyn has countless applications that go beyond studying the effects of
fructose. For instance, HepatoDyn can be used to study liver centric metabolic diseases such as
diabetes. Given that HepatoDyn is capable of dynamically simulating the redox and energetic
state of hepatocytes, it can be used to better understand the mechanism of action of anti-dia-
betic drugs like metformin which target the energetic and redox metabolism [63] as well as
identifying new drug targets. HepatoDyn can also be used to study the relative contribution of
different reactions to redox and energy balances in different conditions. Therefore, potential
applications of HepatoDyn can be to analyse the ATP consumption or production associated
to different pathways or the relative contribution of the glycerol phosphate shuttle and the
malate aspartate shuttle to the transfer of reducing equivalents between the cytosol and the
mitochondrial matrix. Last, but not least, new reactions can easily be added to HepatoDyn pro-
vided kinetic mechanisms and kinetic information such as affinity constants or inhibition
constants are known for the enzymes catalysing those reactions. Likewise, through the modifi-
cation of reactions and kinetic laws specific to hepatocytes, HepatoDyn can be adapted to other
cell types.

Supporting Information
S1 Fig. Example of how concentrations of pyruvate’s isotopomers ([Pyri]) are converted to
isotopologue fractions (fPyrmz). This is achieved by adding up all isotopomers that corre-
spond to each isotopologue of pyruvate and dividing by the total concentration of pyruvate.
(TIFF)

S2 Fig. Bar graph representing the concentration of cells in each experimental condition
described in the main text (A1, A2 and B).
(TIFF)

S3 Fig. Plots of the simulated concentrations over time for hepatocytes incubated with 3
mM fructose and 20 mM glucose (conditions A1 and A2, described in the main text). The
red plot indicates the values predicted with the best fit parameter set and the grey area indicates
the estimated range of variations taking parameter sets within the 95% confidence intervals
derived from the identifiability analysis.
(TIFF)

S4 Fig. Plots of the simulated concentrations over time for hepatocytes incubated with 20
mM fructose and 20 mM glucose (condition B, described in the main text). The red plot
indicates the values predicted with the best fit parameter set and the grey area indicates the esti-
mated range of variations taking parameter sets within the 95% confidence intervals derived
from the identifiability analysis.
(TIFF)

S5 Fig. Plots of the simulated fluxes over time for hepatocytes incubated with 3 mM fruc-
tose and 20 mM glucose (conditions A1 and A2, described in the main text). The red plot
indicates the values predicted with the best fit parameter set and the grey area indicates the esti-
mated range of variations taking parameter sets within the 95% confidence intervals derived
from the identifiability analysis.
(TIFF)

S6 Fig. Plots of the simulated fluxes over time for hepatocytes incubated with 20 mM fruc-
tose and 20 mM glucose (condition B, described in the main text). The red plot indicates the
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values predicted with the best fit parameter set and the grey area indicates the estimated range
of variations taking parameter sets within the 95% confidence intervals derived from the iden-
tifiability analysis.
(TIFF)

S7 Fig. Plots of the simulated isotopologue fractions over time for Glucose, Glycogen, Sor-
bitol, Lactate and Glutamate for hepatocytes incubated with 20 mM glucose 50% enriched
in [1,2-13C2]-glucose and 3 mM fructose (condition A1, described in the main text). The
isotopologue fractions of sorbitol refer to sorbitol derived from simulated Glucose and simu-
lated Fructose. The red plot indicates the values predicted with the best fit parameter set and the
grey area indicates the estimated range of variations taking parameter sets within the 95% confi-
dence intervals derived from the identifiability analysis. Isotopologue fractions are reported as
m0, m1, m2, etc. where m0, m1, m2. . . indicate the number of 13C atoms in the fraction.
(TIFF)

S8 Fig. Plots of the simulated isotopologue fractions over time for Glucose, Glycogen, Sor-
bitol, Lactate and Glutamate for hepatocytes incubated with 20 mM glucose and 3 mM
fructose 50% enriched in [U-13C6]-fructose (condition A2, described in the main text). The
isotopologue fractions of sorbitol refer to sorbitol derived from simulated Glucose and simu-
lated Fructose. The red plot indicates the values predicted with the best fit parameter set and the
grey area indicates the estimated range of variations taking parameter sets within the 95% confi-
dence intervals derived from the identifiability analysis. Isotopologue fractions are reported as
m0, m1, m2, etc. where m0, m1, m2. . . indicate the number of 13C atoms in the fraction.
(TIFF)

S9 Fig. Plots of the simulated isotopologue fractions over time for Glucose, Glycogen, Sor-
bitol, Lactate and Glutamate for hepatocytes incubated with 20 mM glucose 50% enriched
in [1,2-13C2]-glucose and 20 mM fructose (condition B, described in the main text). The iso-
topologue fractions of sorbitol refer to sorbitol derived from simulated Glucose and simulated
Fructose. The red plot indicates the values predicted with the best fit parameter set and the grey
area indicates the estimated range of variations taking parameter sets within the 95% confidence
intervals derived from the identifiability analysis. Isotopologue fractions are reported as m0, m1,
m2, etc. where m0, m1, m2. . . indicate the number of 13C atoms in the fraction.
(TIFF)

S1 Table. Metabolites included in the model. This table describes all metabolites included in
the model and provides abbreviation, full name, initial concentrations used as initial values for
simulations and whether they are dependent variables or assumed as constants. For initial con-
centrations, “A1, “A2” and “B” superscripts refer to values specific for conditions A1 & A2 and
B, respectively, as described in the main text.
(PDF)

S2 Table. Reactions included in the model. This table describes all the reactions included in
the metabolic network used in the model and indicates abbreviation, full name and stoichiome-
try. In reaction stoichiometry,$ denotes reversible reactions and! denotes irreversible reac-
tions.
(PDF)

S3 Table. Compartments included in the model. This table describes the three compartments
included in the model and their volumes.
(PDF)
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S4 Table. Parameters of the kinetic model. This table describes all the parameters of the
kinetic model sorted by the reaction to which they are associated.
(PDF)

S5 Table. Parameter groups. This table describes the parameters representing enzyme activi-
ties that are fitted as a group, indicating the relative value of the enzyme activities associated to
each group.
(PDF)

S6 Table. Parameters fitted to experimental conditions. This table describes the predicted
values for all parameters that have been fitted to the experimental data. In addition to the best
fit value, the confidence intervals for 95% confidence according to identifiability analysis are
also shown.
(PDF)

S1 Text. Kinetic laws used for the aldolase reaction. This text describes the kinetic laws used
for the aldolase reactions and how they have been constructed.
(PDF)

S1 XML. Kinetic model 3mM Fructose. SBML version of the kinetic model described in
Methods with experiment specific variables set to match those of the experiment in which
hepatocytes were incubated with 20 mM glucose and 3 mM fructose (conditions A1 and A2
described in the main text).
(XML)

S2 XML. Kinetic model 20mM Fructose. SBML version of the kinetic model described in
Methods with experiment specific variables set to match those of the experiment in which
hepatocytes were incubated with 20 mM glucose and 20 mM fructose (condition B described
in the main text).
(XML)

S1 Software. HepatoDyn. The software HepatoDyn (that integrates both the kinetic model
and the label propagation model) and its source code. Further information about the software
is provided in the readme file packaged with the software.
(ZIP)
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Abstract

Background: Metabolomics is the comprehensive study of a multitude of small molecules to gain insight into an organism’s
metabolism. The research field is dynamic and expanding with applications across biomedical, biotechnological, and many
other applied biological domains. Its computationally intensive nature has driven requirements for open data formats, data
repositories, and data analysis tools. However, the rapid progress has resulted in a mosaic of independent, and sometimes
incompatible, analysis methods that are difficult to connect into a useful and complete data analysis solution. Findings:
PhenoMeNal (Phenome and Metabolome aNalysis) is an advanced and complete solution to set up
Infrastructure-as-a-Service (IaaS) that brings workflow-oriented, interoperable metabolomics data analysis platforms into
the cloud. PhenoMeNal seamlessly integrates a wide array of existing open-source tools that are tested and packaged as
Docker containers through the project’s continuous integration process and deployed based on a kubernetes orchestration
framework. It also provides a number of standardized, automated, and published analysis workflows in the user interfaces
Galaxy, Jupyter, Luigi, and Pachyderm. Conclusions: PhenoMeNal constitutes a keystone solution in cloud e-infrastructures
available for metabolomics. PhenoMeNal is a unique and complete solution for setting up cloud e-infrastructures through
easy-to-use web interfaces that can be scaled to any custom public and private cloud environment. By harmonizing and
automating software installation and configuration and through ready-to-use scientific workflow user interfaces,
PhenoMeNal has succeeded in providing scientists with workflow-driven, reproducible, and shareable metabolomics data
analysis platforms that are interfaced through standard data formats, representative datasets, versioned, and have been
tested for reproducibility and interoperability. The elastic implementation of PhenoMeNal further allows easy adaptation of
the infrastructure to other application areas and ‘omics research domains.

Keywords:metabolomics; data analysis; e-infrastructures; NMR; mass spectrometry; computational workflows; galaxy; cloud
computing; standardization; statistics
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Findings
Background

The field of metabolomics has seen remarkable progress over
the last decade and has enabled fascinating discoveries in
many different research areas. Metabolomics is the study of
small molecules in organisms that can reveal detailed insights
into metabolic biochemistry, e.g., changes in concentrations
of specific molecules, metabolic fluxes between cells or com-
partments, identification of molecules that are involved in the
pathogenesis of a disease, and the study of the biochemical phe-
notype of animals, plants, and even soil microorganisms [1–3].

The principal metabolomics technologies of mass spectrom-
etry (MS) and nuclear magnetic resonance spectroscopy (NMR)
typically generate large datasets that require computationally
intensive analyses [4]. Biomedical investigations can involve
large cohorts with many thousands of metabolite profiles and
can produce hundreds of gigabytes of data [5–8]. With such large
datasets, processing becomes impracticable and unmanageable
on commodity hardware. Cloud computing can offer a solution
by enabling the outsourcing of calculations from local worksta-
tions to scalable cloud data centers, with the possibility to allo-
cate thousands of central processing unit (CPU) cores simulta-
neously. Furthermore, cloud computing allows for resources to
be instantiated on-demand (CPUs, random access memory, net-
work, storage) and allows access to computational tools in the
form of microservices that can dynamically grow or shrink.

MS and NMR data processing usually involves selection of
parameters (that are often specific to the analytical instrumen-
tation), algorithmic peak detection, peak alignment and group-
ing, annotation of putative compounds, and extensive statistical
analyses [9, 10]. Many open-source tools have been developed
that address these different steps in data processing and analy-
sis. These tools, however, usually come with their own software
dependencies, resource requirements, and scripting languages.
As a consequence, configuring and running them is often com-
plicated, especially for researchers who are untrained in com-
puter science [4]. Furthermore, many tools require users to in-
put parameters that can significantly affect results and perfor-
mance, and reporting of these parameters is not always clear
[11].

A number of infrastructures and integration efforts have
been initiated in the past five years, including metabolomics
data repositories with a global scope [6, 12], platforms for re-
producible workflow analysis [13, 14], as well as initiatives to
integrate and coordinate data standards [15]. Simultaneously,
multiple networks of service centers such as the international
Phenome Centers [16] and MetaboHub [17] have formed with
the goal to facilitate the acquisition, processing, and analysis of
metabolomics data [6–8] at ever increasing scales.

Currently, several web-based metabolomics data processing
platforms are available. XCMSOnline provides a platform based
on XCMS for downstreamdata analysis, visualization, data shar-
ing, and access to Metlin to facilitate metabolite identification
and pathway analysis [18]. MetaboAnalyst presents a wide va-
riety of data processing and analysis tools including statistical
analysis, time-series analysis, functional analysis, and pathway
analysis [19]. Workflow4Metabolomics is based on Galaxy and
provides variousmetabolomics processing workflows, including
NMR [13, 20]. These common tools for analyzing metabolomics
data provideweb-based graphical user interfaces (GUIs)with dif-
ferent functionality.

Here, we present PhenoMeNal (Phenome and Metabolome
aNalysis), a unique, easy-to-use, complete, robust, and per-

CloudComputer

Public DataSoftware tools

ScientistsAnalysisPrivate Data

Figure 1: Conceptual design of the PhenoMeNal cloud e-infrastructure, which
brings compute to the data for any large number of data scientists.

formant cloud e-infrastructure that provides a large suite of
standardized and interoperable metabolomics data processing
tools as a complete data analysis solution. In contrast to cur-
rent metabolomics processing platforms, PhenoMeNal provides
Infrastructure-as-a-Service (IaaS) and seamlessly integrates a
wide array of existing open-source tools.

A major advantage over other platforms is that PhenoMe-
Nal make it possible to instantiate many different services in
the cloud and provides a number of standardized, automated,
and published analysis workflows in the user interfaces Galaxy,
Jupyter, Luigi, and Pachyderm (Fig. 1). Moreover, the PhenoMe-
Nal e-infrastructure can be easily deployed onto public and pri-
vate cloud environments and can be configured elastically to fit
into any cloud-based environment, thus enabling scalable and
cost-effective high-performance metabolomics data analysis in
a way that hides the technical complexity from the user. Phe-
noMeNal further facilitates reproducible analyses through auto-
mated, sharable, and citable workflows.

Overview

The features of the PhenoMeNal e-infrastructure are encapsu-
lated as a cloud research environment (CRE). The PhenoMe-
Nal CRE can be instantiated on major commercial public cloud
providers, including Amazon web services (AWS) and Google
cloud platform (GCP), as well as OpenStack-based private clouds
and in custom environments. Technical complexity is hidden
from the users, simplifying setting up the cloud infrastructure
for administrators (Fig. 2).

From aweb-based portal, users can deploy the CRE, which in-
cludes several web services and software tools (Fig. 2). Data can
be processed directly in the e-infrastructure without the need to
install additional software. Scientific workflows can be executed
via user-friendly web-based platforms such as Galaxy, as well as
programmatic interfaces and notebooks. Each service has been
supplied with a rich source of documentation and training ma-
terial to assist researchers.

The PhenoMeNal Portal
The PhenoMeNal Portal [21] allows users to deploy, manage, and
delete PhenoMeNal CREs simply through a web interface. De-
ployments to major commercial cloud platforms (AWS and GCP)
as well as OpenStack, an open-source cloud platform, can be
made using an easy-to-follow wizard (Fig. 2). OpenStack deploy-
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Figure 2: Screenshots of creating and using the PhenoMeNal cloud e-infrastructure. First, log in with ELIXIR to the cloud research environment (CRE) portal. Second,

select a public or private cloud provider. After entering cloud credentials and setting up parameters in the dedicated portal, the deployment of the PhenoMeNal e-
infrastructure into the cloud environment can be made. Third, in the PhenoMeNal Portal app library there are several services ready to be deployed and used in the
set-up infrastructure. Fourth, dedicated web services such as Galaxy are readily available in the cloud e-infrastructure. All steps can be operated from an easy-to-use
web interface that is accessible from any standard web browser.

ments can be deployed behind clinical firewalls, which is espe-
cially pertinent when dealing with sensitive (i.e., patient) data.

The PhenoMeNal public instance allows users to test-run
a CRE without the need to deploy on a cloud platform. It can
be deployed and accessed through the portal. Once credentials
for users have been generated, analyses can be run through a
Galaxy instance containing the tools and workflows present in
any deployed CRE. The portal also includes user and developer
documentation, workflow tutorials, and links to training videos.

Scientific workflows
A scientific workflow is a set of computational steps that are car-
ried out to process and analyze data [22]. Usually, a workflow
is comprised of several linked software tools that are each exe-
cuted during a particular step of the workflow. In order to man-
age and automate scientific workflows, in PhenoMeNal the well-
established dedicated workflow management system Galaxy

can be deployed, which presents the user with an easy-to-use
graphical user interface as well as providing a programmatic in-
terface [20, 23]. Galaxy facilitates collaborative exchange, repro-
ducibility, and traceability of data analysis by enabling users to
share entire workflows and analysis histories [24]. In addition
to Galaxy, programmatic executable notebooks (Jupyter) and the
workflow tools exposed as programmatic interfaces Luigi and
Pachyderm are also supported [25].

In order to cover typical use cases in metabolomics and to il-
lustrate the usage and applicability of given analytical pipelines
and software tools, five representative scientific workflows are
available in the PhenoMeNal Galaxy (Table 1), each having dif-
ferent computational demands and purposes. More than 250 in-
dividual modules have been integrated in Galaxy (see the sub-
section Scientific Workflows in the Methods section).
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Table 1: List of workflows that are representative for their respective metabolomics domains (identification in NMR, Fluxomics, Annotation,
and identification in MS and eco-metabolomics)

Workflow name Description Reference

1D NMR Processes 1D NMR experiments from raw data to a data matrix required for
visualization and statistical analysis, building on nmrML and NMRProcFlow. The
automatic workflow is based on the MTBLS1 dataset, describing urinary changes in
type 2 diabetes in humans.

[26, 27, 28]

Fluxomics Quantifies steady-state fluxes following 13C metabolic flux analysis. The workflow was
first based on the analysis of the MTBLS412 dataset with 13C tracer data of human
umbilical vein endothelial cells under hypoxia.

[29, 30]

LC-MS/MS Processes, quantifies, and annotates/identifies features in mass spectra using MetFrag
— a tool that annotates molecules from compound databases of tandem mass
spectrometry (MS/MS) spectra. The workflow is based on MTBLS558.

[31, 32, 33]

Univariate and Multivariate
Statistics

Applies univariate and multivariate statistical analysis and illustrates how datasets
may be explored, enabling the identification of variables of interest and the
construction of predictive models. The workflow is based on MTBLS404.

[13, 34]

Eco-Metabolomics Implementation of a resource demanding metabolomics use case in ecology, used in
large field experiments to describe interactions between different species of organisms
in remarkable detail. The workflow is based on MTBLS520.

[35]

ISA-Create-Validate-Upload A workflow to create Investigation, Study, and Assay data model framework-compliant
metadata files based on study design information, augmented with semantic markup
as source, implementing UK Phenome center naming conventions. Following
validation, the workflow also allows visualization of overall study design and
deposition to EMBL-EBI.

Software tools
The Portal App Library [36] shows the software tools packaged
in PhenoMeNal that are available through the CRE deployment
(Fig. 2). The range of software tools available covers several
metabolomics domains, making PhenoMeNal relevant for use in
a wide range of data analysis scenarios. The domains covered
include clinical metabolomics, plant metabolomics, fluxomics,
and eco-metabolomics. Data from both targeted and untargeted
analysis can be analyzed for metabolite profiling and finger-
printing approaches [1, 2]. NMR and MS (liquid chromatogra-
phy coupled with mass spectrometry, gas chromatography cou-
pled with mass spectrometry, direct infusion mass spectrome-
try) data can be processed.

PhenoMeNal also provides tools for data management (e.g.,
via the Investigation, Study, and Assay data model frame-
work [ISA] format and application programming interface
[API]), metabolite feature detection (e.g., XCMS, CAMERA, nmr-
ProcFlow), metabolite identification (MetFrag, BATMAN,Metabo-
Matching), and (bio)statistics (e.g., univariate, multivariate, and
power analyses) (Supplementary Table S1). Tools can be filtered
for functionality, approaches, and instrument (data) types to
readily find themost appropriate software tools. Some tools that
implement specific functionality (e.g., Rnmr1D, which performs
baseline correction of NMR spectra as part of nmrProcFlow) are
available through dedicated Galaxy modules or through soft-
ware containers (Supplementary Table S1).

Study design
PhenoMeNal was designed to use standardized protocols and
software tools and to comply with state-of-the-art dedicated
specifications and data formats across the entire project. De-
velopment was geared toward implementation of open stan-
dards for tracking provenance of both data and metadata gen-
erated by clinical phenotyping projects. In PhenoMeNal, the ISA
model and specifications were implemented using the ISA for-
mat to generate, annotate, validate, and deposit experimental
metadata information of datasets and studies to public reposi-

tories such as MetaboLights [37, 38]. ISA-based metadata track-
ing is used for the different analysis pipelines that are specific
to the distinctmetabolomics domains. PhenoMeNal reached na-
tive support for the ISA format by developing a dedicated Galaxy
composite data type. Such component affords direct recogni-
tion of the ISA format by the Galaxy environment, thus ensur-
ing seamless integration with the downstream workflow com-
ponent.

Data deposition
PhenoMeNal encourages the metabolomics data repository
MetaboLights as a primary source of data deposition [39]. Pri-
vate and public datasets are supported, as are download and up-
load to MetaboLights. If the storage in a data repository such as
MetaboLights is not possible, data can be stored locally or in the
cloud e-infrastructure. Access to the data is strictly controlled
and secured. To support data deposition, ISA-based Galaxymod-
ules are available making it possible to publish and disseminate
scientific results in standard compliant ways.

Reproducibility
One of the challenges of cloud computing is that analyses need
to be run continuously and successfully in different environ-
ments [40]. Specifically, it has to be ensured that, given the same
input, workflows and tools produce identical results regardless
of the underlying environment [4, 40].When these requirements
are fulfilled, end users can be confident that their data will be
analyzed correctly. PhenoMeNal has implemented three major
testing strategies to ensure technical reproducibility using a con-
tinuous integration framework [41]. Tests were implemented for
the infrastructure components, individual software containers,
and data involved in computational workflows.

Sustainability
PhenoMeNal is part of a number of initiatives (BioMedBridges,
COSMOS, and ELIXIR) to foster the role of metabolomics and to
harmonize experimental data and metadata usage [15, 42]. Col-
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laborations were established with EGI [43] and Indigo Datacloud
[44] infrastructure providers and initiatives [45, 46] to ensure that
PhenoMeNal uses technologies that are well supported and en-
sure their widespread usage, continuity, and further develop-
ment. For example, the development of KubeNow and contribu-
tions to the Galaxy andWorkflow4Metabolomics community are
essential for PhenoMeNal [47]. Core development will continue
on GitHub and is fostered by collaborations with tool developers.

Dependencies on specific technologies and frameworks were
avoided by focusing on open standards such as ISA-Tab/ISA-
JSON, mzML and nmrML, and widely accepted software [48]. By
being able to deploy PhenoMeNal on multiple types of cloud en-
vironments, lock-ins to specific computing resource providers
are avoided. PhenoMeNal implemented continuous integration
and delivery, validated by extensive testing andwith clearmain-
tenance responsibilities (see Methods section).

Privacy and security
With human or animal material, the collection, storage, and
analysis of metabolomics data introduce a number of con-
straints due to ethical, legal, and social implications (ELSI) [49].
In particular, data initially derived from human clinical studies
may be identifiable and will require consent for use, usually for
a defined objective, such as diagnosis, or be related to a particu-
lar disease study. Where data is identifiable or pseudonymized,
users can deploy PhenoMeNal on local secure resources, thus
avoiding the export of data. In this scenario, access to the e-
infrastructure should be strictly controlled through local access
and authorization. It is recommended that clinical data be fully
anonymized before analysis in PhenoMeNal [49, 50].

The PhenoMeNal portal provides substantial guidance to en-
able users to comply with ELSI and general data protection reg-
ulation (GDPR) requirements. Users must register in order to use
the individual parts of the e-infrastructure. PhenoMeNalwas im-
plemented to use secured and encrypted transport and network
communications.

Documentation and training materials
Extensive user documentation and tutorials are provided via the
PhenoMeNal Wiki page [51]. The Wiki includes detailed devel-
oper resources including information about the PhenoMeNal re-
lease schedule; guidelines for tool, workflow, and portal devel-
opers; continuous integration; and testing. Further documen-
tation is also provided detailing, creating, and managing Phe-
noMeNal CREs and tutorials for the Galaxy modules and pre-
configured workflows, as well as Galaxy tours that provide step-
by-step guidance for inexperienced users.

Community engagement
The PhenoMeNal project is open source and is hosted on GitHub
[52]. Developers can contribute tools to PhenoMeNal and are en-
couraged to do so. To add a tool to PhenoMeNal, it must be con-
tainerized using Docker and then integrated into the build pro-
cess. Detailed documentation is available in the project’s Wiki
for developers who wish to add their tools to PhenoMeNal.

Collaborationswith other projects have been actively encour-
aged during the development of PhenoMeNal, including Work-
flow4Metabolomics [13] and the developers of both nmrML and
nmrProcFlow [26]. These collaborations are essential to fostering
greater standardization within PhenoMeNal and to increasing
compatibility with other metabolomics data processing infras-
tructures.

Availability

Information on how to access PhenoMeNal can be found at the
project’s website [53]. The GitHub repository hosts the source
code of all development projects [52]. The project container-
galaxy-k8s-runtime contains all of the developments regarding
Galaxy. The Wiki containing documentation is also hosted on
GitHub [51]. The PhenoMeNal Portal can be reached at [21]. The
public instance of Galaxy is accessible at [54]. Source code and
documentation are available under the terms of the Apache 2.0
license. Integrated open-source projects are available under the
respective licensing terms.

Conclusions

PhenoMeNal has succeeded in increasing the robustness and
coverage of representative metabolomics data processing in
scientific cloud e-infrastructures. The presented cloud e-
infrastructure covers a wide range of analysis pipelines in-
cluding data generation and download, data pre- and post-
processing, (bio)statistics, and result deposition in data repos-
itories. A large effort has been made to introduce lower-
level changes to cloud e-infrastructures (e.g., the cloud de-
ployment software KubeNow) to meet the demands of the
biomedical domain. Furthermore, Galaxy has been enriched
with metabolomics data standards, in particular, the ISA for-
mat for studymetadata andmzML and nmrML for acquired data
files, as well as support for Kubernetes. PhenoMeNal has fos-
tered the visibility of new metabolomics tools and has enabled
the development ofmore sophisticated data analysis workflows.
Our efforts were also guided by feedback from real-life test sce-
narios collected at workshops with users from the clinical do-
main.

PhenoMeNal constitutes a keystone solution in cloud plat-
forms available for metabolomics data analysis. The platform
was designed to deliver optimal performance and functional-
ity for typical use cases in the metabolomics domain. While the
needs of clinicians and researchers in the biomedical and bio-
chemical domains have been targeted, PhenoMeNal is not lim-
ited to a specific domain as the cloud infrastructure, tools, and
workflows can be adapted to other use cases as demonstrated
with the inclusion of the eco-metabolomics workflow. The tech-
nological advancements can be reused in other scientific cloud
environments and could be integratedwith solutions from other
‘omics domains in the future.

Methods
Cloud e-infrastructure

The PhenoMeNal CRE is designed as a microservice architec-
ture, with services being implemented as virtual machine im-
ages and software containers. Containers are used to provide
microservices for metabolomics data analysis tools and also
long-running services such as workflow management systems.
A container orchestrator runs containers on top of the scalable
infrastructure. The orchestrator takes a group of machines that
act as a distributed cluster and receives requests for tools as well
as service executions. PhenoMeNal implements various layers
to providea container orchestrator on top of either bare metal
hardware or IaaS given by a cloud provider [55] (Supplementary
Fig. S1).

During the setup process andwhile PhenoMeNal is deployed,
data storage and CPU limits can be configured and dynamically
scaled to fit any cloud environment. Deployments can be made
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to GCE, AWS, and OpenStack-based private clouds from the Phe-
noMeNal portal. Deployments are also supported from the com-
mand line to Microsoft Azure [56], the European Science Cloud
[57], and local servers (bare metal) [58]; we provide step-by-step
instructions for these solutions.

PhenoMeNal provides IaaS for three different cloud environ-
ments:

“local cloud”: local workstations or bare metal clusters where
data are not allowed to leave the facility.

“public cloud”: the flexible use of commercial cloud providers
such as GCE and AWS.

“shared cloud”: using OpenStack—a free and open-source soft-
ware platform for cloud computing, ideal for custom environ-
ments and research networks.

Software tools

The PhenoMeNal portal has an application library that allows
users to deploy tools as microservices into the cloud infrastruc-
ture (Fig. 2, Supplementary Table S1). The portal is packaged into
frontend and backend engines on top of Kubernetes.

Most software tools in PhenoMeNal are compiled from source
code and use a variety of programming languages. Linux ver-
sions of software tools and user interfaces such as Galaxy are
supported in dedicated encapsulated Docker containers that
are implemented as minimum-sized microservices. PhenoMe-
Nal currently hosts 100 such projects in its GitHub repository
[59] (Supplementary Table S1). Projects are indicated by the trail-
ing Àcontainer-À name and include a ruleset to build and run
the containerized tools, as well as datasets for testing and other
necessary files.

PhenoMeNal provides tutorials for developers who want to
integrate their tools into our e-infrastructure [60].

Scientific workflows

In PhenoMeNal, a number of options are available for running
reproducible and standardized workflows (Table 1).

Galaxy
The Galaxy workflow management system is widely regarded
as one of the most popular scientific workflow platforms [20,
61]. It provides a user-friendly web-based GUI to make it easy
for the end user to configure and run individual modules and
entire workflows without programming experience. Command-
line tools and scripts are encapsulated into modules that are
launched via the web interface. Galaxy also supports more pow-
erful features such as programmatic access through a REST API
and helper libraries to access the running instance of Galaxy
[62].

PhenoMeNal has been able to adapt Galaxy for use with
a microservices-based architecture [31]. To this end, modules
are encapsulated into Docker containers that can be flexibly
launched within the cloud e-infrastructure. Galaxy is available
in all deployed PhenoMeNal CREs and contains more than 250
modules that have been implemented as part of PhenoMeNal.

Six representative metabolomics Galaxy workflows have
been fully integrated into PhenoMeNal (Table 1), andmore work-
flows (mzQuality, NMR-BATMAN) are available for testing.

Jupyter
Jupyter, which started its history as the IPython notebook, is the
most popular among the tools commonly referred to as exe-

cutable notebooks or computational notebooks [63]. Jupyter lets
users combine executable code with results from code execu-
tions such as text, tables, and figures. Usually, Jupyter notebooks
are enriched with extended information that explains what the
code does. As a result, they are often used for training material
and for tutorials. Also, computational notebooks can, to some
extent, be used as a way to document code executions and to
make executions more reproducible [64].

Luigi and pachyderm
Luigi is a Python workflow programming library that was origi-
nally developed by the company Spotify. It manages pipelines of
computations primarily on ”big data” systems such as Hadoop
and Apache Spark but also supports local execution [63, 64].
Luigi is a very flexible library that facilitates building complex
pipelines of batch jobs handling dependency resolution, work-
flow management, and visualization.

Similarly, Pachydermmakes it possible to process distributed
data and to keep track of the data from every stage of the
analysis pipeline [25]. With Pachyderm, it is possible to track
the provenance of results and to accurately reproduce scien-
tific workflows. Luigi and Pachyderm are well suited for complex
scientific tasks and are easy to use from the python environ-
ment in Jupyter notebooks without additional integration tool-
ing needed.

In PhenoMeNal, we have extended Galaxy, Jupyter, Luigi, and
Pachyderm in such away that they can be orchestrated through-
out the cloud infrastructure together with the data analysis
tools themselves [31]. Six important metabolomics workflows
have been fully integrated into PhenoMeNal (Table 1), and more
(mzQuality, NMR-BATMAN) are available for testing.

Reproducibility

Three strategies are realized to ensure technical reproducibility.
They are implemented in the continuous integration (CI) soft-
ware development framework Jenkins [41] which is accessible
at [65]. These strategies are implemented as tests in our Jenkins
and a tutorial guide is available at [66].

� Infrastructure testing: Procedures were implemented to en-
sure that each individual component (e.g., the deploy-
ment process of software containers, resource management,
APIs/application binary interfaces [ABIs]) within the infras-
tructure is interacting correctly with the other components.

� Container testing: Verification that tools, which are packaged
into software containers, build and run correctly in the in-
frastructure. Dependencies within one container and across
several interdependent containers are tested.

� Data testing: The output of tools, which process demonstra-
tion data, is checked against a data set that is known to con-
tain the expected result. This is being done for both individ-
ual tools and for several tools running in a workflow using
the workflow testing tool for Galaxy called wft4galaxy [67].

Standardization

PhenoMeNal has implemented several dedicated Galaxy mod-
ules that directly retrieve and store ISA-Tab data set descriptors
from and to MetaboLights, and can convert between other for-
mats. Native Galaxy composite data types to support ISA-Tab
and ISA-JSON have also been integrated, building upon the ISA
API [38, 48]. The ISA data type allows for the upload of an ISA-
Tab archive (a zip file containing the ISA set of files and raw
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Table 2: Overview of the most important FAIR criteria and implementations suggested for PhenoMeNal data, tools and workflows

Data Tools Workflows

(F)indability Indexing in domain relevant
databases (e.g., MetaboLights)

Indexing in domain relevant
software repositories (e.g., the
PhenoMeNal App Library, GitHub)

Indexing in workflow management
systems such as Galaxy (e.g.,
PhenoMeNal, W4M), or libraries
such as [69]

Rich descriptions of metadata
(e.g., ISA-Tab)

Tool descriptions follow the
EDAM ontology

Persistent identifier (e.g., W4M ID,
DOI) and intuitive naming patterns

(A)ccessibility Data access and rights
management based on e.g., data
use ontology (DUO)

Accessible open-source licenses Access to workflow systems can be
configured to be shared or
restricted

(I)nteroperability Standard formats for
experimental metadata
(ISA-Tab/ISA-JSON)

Standardized tool descriptions Standardized workflow format
(e.g., Galaxy GA format, Common
Workflow Language CWL)

Domain specific standards for
raw data (e.g., mzML, nmrML)

Containerization of software
tools

Execution in various software
environments (e.g., through the
use of containers)

OboFoundry vocabularies and
established domain ontologies to
annotate data

EDAM ontology to annotate tools Workflow annotation ontologies
(e.g., Ontology of workflow motifs
for annotating workflow
specifications [70])

(R)eusability Deposition in data repositories
(e.g., MetaboLights) and data
indexing sites (e.g., OmicsDI)

Rich documentation and usage
guides

Rich documentation and tutorials
(e.g., Galaxy tours)

data when available), which is displayed to the users as a single
Galaxy history data set. The integrated Galaxy modules include
aMetaboLights downloader and uploader (for ingestion and sub-
mission), an ISAcreate module for the creation of ISA compliant
archives,modules to explore studymetadata through queries on
study factors, ISA-Tab “slicing” where queries are used to select
subsets of data files of interest, as well as format conversion (ex-
port to ISA-JSON andWorkflow4Metabolomics [W4M]) and study
metadata validation (Supplemental Table S1).

PhenoMeNal also advanced the specification of the nmrML
standard data format [27] and contributed a dedicated compos-
ite data type for nmrML to Galaxy. nmrML is used extensively
throughout the NMR 1D workflow and conversion from raw for-
mat into nmrML is supported via dedicated Galaxymodules (Ta-
ble 1).

Throughout the entire analysis pipeline, modules of compu-
tational workflows were designed to accept standard formats
such as mzML, XML or CSV whenever possible.

Standardized APIs/ABIs are being used for the programmatic
interfaces as well as for deploying services. To this end, modern
and standardized programming, scripting and meta languages
were selected such as Go, HCL, Python, Shell, XML and YAML
that are widely used in cloud computing.

Reusability

In an ongoing effort, PhenoMeNal is actively advancing the cri-
teria for good datamanagement and stewardship based on find-
ability, accessibility, interoperability and reusability (FAIR) for
good data management and stewardship [68] to be applied not
only to data, but also to software tools and computational work-
flows (Table 2).

Privacy

PhenoMeNal supports fully anonymized data, which cannot
be traced back to individuals in any way [50] and treats

pseudonymized data as identifiable. As pseudonymized data are
anonymous to the investigator, third parties may be able to link
pseudonymized data back to identifiable individuals through
mappings such as a hash or code [49]. In these cases, e.g., in
a hospital environment, users must deploy PhenoMeNal within
a private cloud or bare metal cluster behind their institution’s
firewall.

PhenoMeNal provides guidance on ethical and technical
frameworks to regulate and secure the use of private or sensitive
data [49, 50]. It is possible to combine data and metadata within
an ELSI compliant framework [50] and in such cases users can
follow the example of the European Genome Phenome Archive
(EGA) [71]. In public installations of PhenoMeNal, the ELIXIR pol-
icy on privacy has been implementedwithin a technically secure
environment to process data [42].

Security

Open-source tools are used throughout the entire e-
infrastructure. This promotes community efforts to discover
and resolve bugs and security issues. The container build
process is steered by the continuous integration (CI) service
Jenkins, which continuously builds the containers and gener-
ates reports. On success and through authentication, container
images are pushed to the PhenoMeNal container registry, which
is publicly available but read-only. Cloud provider credentials
are not stored in the cloud but only on the deployer host. The
Kubernetes cluster running the Jenkins-CI and the container
registry, as well as the portal, runs on a CoreOS container, which
is a self-updatable, cluster-aware system with most portions
being read-only. It reboots nodes sequentially to avoid lack of
availability.

KubeNow is a key component that initializes the cloud in-
frastructure and configures access to it via Cloudflare [72], pro-
viding dynamic Domain Name Services (DNS) and encryption
for all network communication. The flexible implementation of
PhenoMeNal allows the user to decide to not use Cloudflare, in
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which case encryption is disabled. KubeAdm, which manages
the setup of Kubernetes, is not reachable at runtime by default.
The only way to access it is by having access to the private key
stored on the computer on which it was launched. PhenoMeNal
only allows access to standard ports (ssh, http, https, and port
44 for the Galaxy Downloader) and implements a cloud-specific
firewall for all supported cloud providers.

Microservices are designed to be launched on-demand and
terminated after completed analysis. If security issues are re-
ported for the microservices, tool, or dependencies or if incre-
mental security patches are available, new builds are automati-
cally triggered in the CI system and developers and the release
manager are notified to take additional actions if required. Im-
ages are built on a daily basis and tested for deployment to avoid
security patches from introducing any abnormality in the de-
ployment process.

User resources

There are many user resources for both PhenoMeNal users and
developers in the form of documentation, tutorials, and train-
ing videos. The PhenoMeNal Wiki [51] contains detailed doc-
umentation on all aspects of PhenoMeNal, including general
user guides, workflow and tool tutorials, developer documen-
tation, and general information on topics such as security and
the e-infrastructure landscape. The PhenoMeNal portal contains
help pages generated from the Wiki [73], which are categorized
as User Documentation, Developer Documentation, and Work-
flow Tutorials. Interactive Galaxy tours are directly integrated in
Galaxy [74]. Training videos are available at the project’s YouTube
page [75].

Availability of source code and requirements

Project name: PhenoMeNal,
Project home page: http://phenomenal-h2020.eu
Operating system(s): Platform independent
Programming language: Go, HCL, Java, JavaScript, Python, R,
Shell, XML, YAML
Other requirements: Linux, Docker, Kubernetes, Terraform, An-
sible, Helm
License: MIT license for all code written by the PhenoMeNal
project. Individual, Open Source Foundation approved licenses
for all containerized tools.
RRID:SCR 016605

Availability of supporting data

The following MetaboLights datasets are integrated into Phe-
noMeNal and are used to demonstrate the cloud integration
and reproducibility of Galaxy workflows: MTBLS1 (NMR1D), MT-
BLS404 (Uni- andmultivariate statistics), MTBLS412 (Fluxomics),
MTBLS520 (Eco-Metabolomics), MTBLS558 (MetFrag). Datasets
are available at https://www.ebi.ac.uk/metabolights. Snapshots
of the code and additional supporting data are available in the
GigaScience repository, GigaDB [76].

Additional files

Supplemental Figure 1: PhenoMeNal implements various layers
to provision containers on top of the e-infrastructure.

Supplemental Table 1: List of external software tools that
were incorporated into PhenoMeNal.
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ABI: application binary interface; API: application programming
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tion; CPU: central processing unit; CRE: cloud research envi-
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teria for good data management and stewardship based on
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Abstract

Motivation: Developing a robust and performant data analysis workflow that integrates all neces-

sary components whilst still being able to scale over multiple compute nodes is a challenging task.

We introduce a generic method based on the microservice architecture, where software tools are

encapsulated as Docker containers that can be connected into scientific workflows and executed

using the Kubernetes container orchestrator.
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Results: We developed a Virtual Research Environment (VRE) which facilitates rapid integration of

new tools and developing scalable and interoperable workflows for performing metabolomics data

analysis. The environment can be launched on-demand on cloud resources and desktop com-

puters. IT-expertise requirements on the user side are kept to a minimum, and workflows can be

re-used effortlessly by any novice user. We validate our method in the field of metabolomics on

two mass spectrometry, one nuclear magnetic resonance spectroscopy and one fluxomics study.

We showed that the method scales dynamically with increasing availability of computational

resources. We demonstrated that the method facilitates interoperability using integration of the

major software suites resulting in a turn-key workflow encompassing all steps for mass-

spectrometry-based metabolomics including preprocessing, statistics and identification.

Microservices is a generic methodology that can serve any scientific discipline and opens up for

new types of large-scale integrative science.

Availability and implementation: The PhenoMeNal consortium maintains a web portal (https://por

tal.phenomenal-h2020.eu) providing a GUI for launching the Virtual Research Environment. The

GitHub repository https://github.com/phnmnl/ hosts the source code of all projects.

Contact: ola.spjuth@farmbio.uu.se

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Biology is becoming data-intensive as high throughput experiments

in genomics or metabolomics are rapidly generating datasets of mas-

sive volume and complexity (Marx, 2013; Schadt et al., 2010), pos-

ing a fundamental challenge on large scale data analytics.

Currently, the most common large-scale computational infra-

structures in science are shared High-Performance Computing

(HPC) systems. Such systems are usually designed primarily to sup-

port computationally intensive batch jobs—e.g. for the simulation

of physical processes—and are managed by specialized system

administrators. This model leads to rigid constraints on the way

these resources can be used. For instance, the installation of software

must undergo approval and may be restricted, which contrasts with

the needs in the analysis where a multitude of software components

of various versions—and their dependencies—are needed, and where

these need to be continuously updated.

Cloud computing offers a compelling alternative to shared HPC

systems, with the possibility to instantiate and configure on-demand

resources such as virtual computers, networks and storage, together

with operating systems and software tools. Users only pay for the

time the virtual resources are used, and when they are no longer

needed they can be released and incur no further costs for usage or

ownership. For scientists, this constitutes a shift from owning com-

puter hardware, to starting up Infrastructure-as-a-Service (IaaS)

nodes with virtual machines on cloud resources, with the explicit

need to then install all necessary software for the analysis which in

many cases constitutes a demanding and time-consuming task

(Langmead and Nellore, 2018). Along with infrastructure provision-

ing, software provisioning—i.e. installing and configuring software

for users—has also advanced. Consider, for instance, containeriza-

tion (Silver, 2017), which allows entire applications with their

dependencies to be packaged, shipped and run on a computer but

isolated from one another in a way analogous to virtual machines,

yet much more efficiently. Containers are more compact, and since

they share the same operating system kernel, they are fast to start

and stop and incur little overhead in execution. These traits make

them an ideal solution to implement lightweight microservices, a

software engineering methodology in which complex applications

are divided into a collection of smaller, loosely coupled components

that communicate over a network (Newman, 2015). Microservices

share many properties with traditional always-on web services

found on the Internet, but microservices are generally smaller, port-

able and can be started on-demand within a separate computing en-

vironment. Another important feature of microservices is that they

have a technology-agnostic communication protocol, and hence can

serve as building blocks that can be combined and reused in multiple

ways (da Veiga Leprevost et al., 2017).

Microservices are highly suitable to run in elastic cloud environ-

ments that can dynamically grow or shrink on demand, enabling

applications to be scaled-up by simply starting multiple parallel

instances of the same service. However, to achieve effective scalabil-

ity a system needs to be appropriately sectioned into microservice

components and the data to be exchanged between the microservices

needs to be defined for maximum efficiency—both being challenging

tasks.

One of the omics fields that faces challenges by data growth is

metabolomics which measures the occurrence, concentrations and

changes of small molecules (metabolites) in organisms, organs, tis-

sues, cells and cellular compartments. Metabolite abundances are

assayed in the context of environmental or dietary changes, disease

or other conditions (Nicholson and Wilson, 2003). Metabolomics

is, as most other omics technologies, characterized by the use of

high-throughput experiments performed using a variety of spectro-

scopic methods such as Mass Spectrometry (MS) and Nuclear

Magnetic Resonance (NMR) that produce large amounts of data

(Montenegro-Burke et al., 2017). With increasing data size and

number of samples, the analysis process becomes intractable for

desktop computers due to requirements on compute cores, memory,

storage, etc. As a result, large-scale computing infrastructures have

become important components in scientific projects (Liew et al.,

2016). Moreover, making use of such complex computing resources

in an analysis workflow presents its own challenges, including

achieving efficient job parallelism and scheduling as well as error

handling (Suplatov et al., 2016). In addition, configuring the neces-

sary software tools and chaining them together into a complete

re-runnable analysis workflow commonly requires substantial IT-

expertise, while creating portable and fault-tolerant workflows with

a robust audit trail is even more difficult. Metabolomics has already

benefited from cloud-based systems enabling the users certain
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preprocessing and main downstream analysis on e.g. MS data.

Examples of such systems are XCMS ONLINE (Warth et al., 2017),

MetaboAnalyst (Xia et al., 2012), Chorus (chorusproject.org) and

The Metabolomics Workbench (Sud et al., 2016) (www.metabolo

micsworkbench.org) which provide tools that scale with computa-

tional demands.

In this manuscript, we present a method that uses components

for data analysis encapsulated as microservices and connected into

computational workflows to provide complete, ready-to-run, repro-

ducible data analysis solutions that can be easily deployed on desk-

top computers as well as public and private clouds. Our work

contrasts to previously reported research environments, sometimes

termed Virtual Research Environments (Allan, 2009; Candela et al.,

2013), Scientific Gateways (Lawrence et al., 2015) and Virtual Labs

(Waldrop, 2013), in that it encompasses the complete setup of the

computational infrastructure and frameworks to run analysis in a

wide range of environments; however our approach requires virtual-

ly no involvement in the setup and no special IT skills from the user.

The methodology provides a framework for rapid and efficient inte-

gration of new tools and developing scalable, and interoperable

workflows, supporting multiple workflow engines such as Galaxy

(Goecks et al., 2010) and Luigi (https://github.com/spotify/luigi).

We validate the method on four metabolomics studies and show

that it enables scalable and interoperable data analysis.

2 Materials and methods

2.1 Microservices
A detailed description of the methods is present in Supplementary

Method S1. Briefly, in order to construct a microservice architecture

for metabolomics we used Docker (Merkel, 2014) (https://www.

docker.com/) containers to encapsulate software tools. Tools are

developed as open source and are available in a public repository

such as GitHub (https://github.com/), and the PhenoMeNal project

containers are built and tested on a Jenkins continuous integration

(CI) server (http://phenomenal-h2020.eu/jenkins/). Containers are

assembled in different branches using the git versioning system.

Builds originating from the development branch of each container

repository give rise to container images tagged as ‘development’;

builds coming from the master branches result in release images. In

order for a container be pushed to the container registry, it must

pass a testing criteria which is defined by the developer of the tool.

All published containers are thus available for download and can be

used in any microservice architecture. Data is exchanged between

services by passing references to a shared local file system. The CI

system constitutes a key part of the methodology, as it ensures that

containers are continuously successfully packaged, versioned, tested

and that adequate reporting measures are in place to handle any

errors in this process over time.

2.2 Virtual Research Environment (VRE)
We developed a Virtual Research Environment (VRE) which uses

Kubernetes (https://kubernetes.io/) for orchestration of the contain-

ers, including initialization and scaling of jobs based on containers,

abstractions to file system access for running containers, exposure of

services, as well as rescheduling of failed jobs and long running serv-

ices. Kubernetes was chosen over other frameworks such as Docker

Swarm because of its larger momentum and that it is more widely

used in production environments. Docker also provides Kubernetes

as part of their Enterprise solutions (and even now the community

ones). To enable convenient instantiation of a complete virtual

infrastructure, we developed KubeNow (https://github.com/kube

now/KubeNow) (Capuccini et al., 2018) which includes instanti-

ation of compute nodes, shared file system storage, networks, con-

figure DNS, operating system, container implementation and

orchestration tools, including Kubernetes, on a local computer or

server. In order to deploy applications, we used two main classes of

services: long-lasting services, and compute jobs. Long-lasting serv-

ices were used for applications such as the user interface whereas

compute jobs were used to perform temporary functions in data

processing. The VRE includes Galaxy, Luigi workflow engine and

Jupyter notebook as user-facing services. In the PhenoMeNal CI

system, the VRE is instantiated and tested on all supported cloud

providers nightly in order to ensure a working system over time.

2.3 Demonstrators
We validated our method in the field of metabolomics using four

demonstrators. Demonstrators 1 and 2 showcase scalability and

interoperability of our microservice-based architecture whereas

Demonstrators 3 and 4 exemplify flexibility to account for new ap-

plication domains, showing the architecture is domain-agnostic.

Demonstrator 1: Scalability of microservices in a cloud environ-

ment. The objective of this analysis was to demonstrate the compu-

tational scalability of an existing workflow on a large dataset

[Metabolomics data have been deposited to the EMBL-EBI

MetaboLights database (Haug et al., 2013) with the identifier

MTBLS233 (Ranninger et al., 2016). The complete dataset can be

accessed here https://www.ebi.ac.uk/metabolights/MTBLS233]. The

experiment includes 528 mass spectrometry samples from whole cell

lysates of human renal proximal tubule cells that were pre-processed

through a five-step workflow (consisting of peak picking, feature

finding, linking, file filtering and exporting) using the OpenMS soft-

ware (Sturm et al., 2008). This preprocessing workflow was reim-

plemented using Docker containers and run using the Luigi

workflow engine. Scalability of concurrent running tools (on 40

Luigi workers, each worker receives tasks from the scheduler and

executes them) was measured using weak scaling efficiency (WSE),

where the workload assigned to each worker stays constant and

additional workers are used to solve a larger total problem.

Demonstrator 2: Interoperability of microservices. The objective

of this analysis was to demonstrate interoperability as well as to pre-

sent a real-world scenario in which patients’ data are processed

using a microservices-based platform. We used a dataset consisting

of 37 clinical cerebrospinal fluid (CSF) samples including thirteen

relapsing-remitting multiple sclerosis (RRMS) patients and 14 sec-

ondary progressive multiple sclerosis (SPMS) patients as well as

10 non-multiple sclerosis controls. 26 quality controls (19 blank and

7 dilution series samples) were also added to the experiment. In add-

ition, 8 pooled CSF samples containing MS/MS data were included

in the experiment for improving identification [Metabolomics data

have been deposited to the EMBL-EBI MetaboLights database with

the identifier MTBLS558. The complete dataset can be accessed

here https://www.ebi.ac.uk/metabolights/MTBLS558]. The samples

were processed and analyzed on the Galaxy platform (Goecks et al.,

2010), running in a VRE behind the Uppsala University Hospital

firewall to be compliant with local ELSI (Ethics, Legal, Social impli-

cations) regulations.

Demonstrator 3: 1D NMR-analysis workflow. The purpose of

this demonstrator was to highlight the fact that the microservice

architecture is indeed domain-agnostic and is not limited to a par-

ticular assay technology. This NMR-based metabolomics study was

originally performed by Salek et al. (2007) on urine of type 2

Interoperable data analysis with microservices 3

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/advance-article-abstract/doi/10.1093/bioinform
atics/btz160/5372675 by guest on 02 M

ay 2019



diabetes mellitus (T2DM) patients and controls [Metabolomics data

have been deposited to the EMBL-EBI MetaboLights database with

the identifier MTBLS1. The complete dataset can be accessed here

https://www.ebi.ac.uk/metabolights/MTBLS1]. In total, 132 sam-

ples (48 T2DM and 84 controls) were processed using a Galaxy

workflow performing conversion, preprocessing, multivariate data

analysis and result visualization.

Demonstrator 4: Start-to-end fluxomics workflow. The purpose

of this demonstrator was to show the integrated use of separately

developed tools covering subsequent steps of the study of meta-

bolic fluxes based on 13C stable isotope-resolved metabolomics

(SIRM) (Buescher et al., 2015; King et al., 2015; Niedenführ

et al., 2015). Here we implemented the analysis of flux distribu-

tions in HUVEC cells under hypoxia [Metabolomics data have

been deposited to the EMBL-EBI MetaboLights database with the

identifier MTBLS412. The complete dataset can be accessed here

https://www.ebi.ac.uk/metabolights/MTBLS412], from raw mass

spectra contained in netCDF files, using a workflow implemented

in Galaxy including reading and extraction of the data, correcting

the evaluated mass spectra for natural isotopes and computing

steady-state distribution of 13C label as function of steady-state

flux distribution.

2.4 Availability and implementation
The PhenoMeNal consortium maintains a web portal (https://portal.

phenomenal-h2020.eu) providing a GUI for launching VREs using

KubeNow (Capuccini et al., 2018) on a selection of the largest pub-

lic cloud providers, including Amazon Web Services, Microsoft

Azure and Google Cloud Platform, or on private OpenStack-based

installations. The Wiki containing documentation is also hosted on

GitHub https://github.com/phnmnl/phenomenal-h2020/wiki. The

PhenoMeNal Portal can be reached at https://portal.phenomenal-

h2020.eu. The public instance of Galaxy is accessible at https://pub

lic.phenomenal-h2020.eu. The containers provisioned by

PhenoMeNal comprise tools built as open source software that are

available in a public repository such as GitHub, and are subject to

continuous integration testing. The containers that satisfy testing

criteria are pushed to a public container repository, and containers

that are included in stable VRE releases are also pushed to

Biocontainers (da Veiga Leprevost et al., 2017). The GitHub reposi-

tory https://github.com/phnmnl/hosts the source code of all develop-

ment projects. Source code and documentation are available under

the terms of the Apache 2.0 license. Integrated open source projects

are available under the respective licensing terms. The

Demonstrators can be obtained from: Demonstrator 1: https://

github.com/phnmnl/MTBLS233-Jupyter; Demonstrator 2: https://

public.phenomenal-h2020.eu/u/phenoadmin/w/metabolomics-lcmsms-

processing-quantification-annotation-identification-and-statistics-1;

Demonstrator 3: https://public.phenomenal-h2020.eu/u/phenoad

min/w/metabolomics-nmr-rnmr1d-metabolights-data-processing-and-

plot; Demonstrator 4: https://public.phenomenal-h2020.eu/u/phenoad

min/w/fluxomics-stationary-13c-ms-iso2flux-with-visualization

3 Results

We developed a VRE based on a microservices architecture encapsu-

lating a large suite of software tools for performing metabolomics

data analysis (see Supplementary Table S1). Scientists can interact

with the microservices programmatically via an Application

Programming Interface (API) or via a web-based graphical user

interface (GUI), as illustrated in Figure 1. To connect microservices

into computational workflows, the two frameworks Galaxy

(Goecks et al., 2010) and Luigi (https://github.com/spotify/luigi)

were adapted to execute jobs on Kubernetes. Galaxy is a web-based

interface for individual tools and allows users to share workflows,

analysis histories and result datasets. Luigi on the other hand focuses

on scheduled execution, monitoring, visualization and the implicit

dependency resolution of tasks (Leipzig, 2017). These basic infra-

structure services, together with the Jupyter notebook (Kluyver

et al., 2016) interactive programming environment, are deployed as

long-running services in the VRE, whereas the other analysis tools

are deployed as transient compute jobs to be used on-demand.

System and client applications were developed for launching the

VRE on desktop computers, public and private cloud providers,

automating all steps required to instantiate the virtual

infrastructures.

Demonstrator 1: Scalability of microservices in a cloud environ-

ment. The Diagram of scalability-testing on the metabolomics data-

set is illustrated in Figure 2. The analysis resulted to WSE of 88%

with an execution time of approximately four hours (online meth-

ods, Supplementary Fig. S2), compared with the ideal case of 100%

where linear scaling is achieved if the run time stays constant while

the workload is increased. In addition, the final result of the work-

flow (online methods, Supplementary Fig. S3) was identical to that

presented by the original MTBLS233 study (Ranninger et al., 2016)

in negative ionization mode. However, in the positive ionization

mode, one m/z feature was found in a different group (m/z range

400–1000) than it was originally reported by Ranninger et al. (m/z

range 200–400).

Demonstrator 2: Interoperability of microservices. We devel-

oped a start to end workflow for pre-processing and statistical ana-

lysis of LC-MS metabolomics data (Fig. 3). The workflow allows

seamless integration of six major metabolomics data analysis com-

ponents (26 steps) each was already implemented in independent

software suites: noise reduction and filtering [OpenMS (Rost et al.,

2016)], quantification, alignment and matching [XCMS

Fig. 1. Overview of the components in a microservices-based framework.

Complex applications are divided into smaller, focused and well-defined

(micro-) services. These services are independently deployable and can com-

municate with each other, which allows to couple them into complex task

pipelines, i.e. data processing workflows. The user can interact with the

framework programmatically via an Application Program Interface (API) or

via a graphical user interface (GUI) to construct or run workflows of different

services, which are executed independently. Multiple instances of services

can be launched to execute tasks in parallel, which effectively can be used to

scale analysis over multiple compute nodes. When run in an elastic cloud en-

vironment, virtual resources can be added or removed depending on the

computational requirements
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(Smith et al., 2006)], filtering of biological non-relevant signals (R),

annotation of signals [CAMERA (Kuhl et al., 2012)], identification

[MetFrag (Wolf et al., 2010)], statistics [Workflow4Metabolomics

(Giacomoni et al., 2015)]. The result of the workflow (multivariate

analysis) showed a clear difference in the metabolic constitution be-

tween the three disease groups of RRMS, SPMS and non-multiple

sclerosis controls (Fig. 4A). In addition, the univariate analysis

resulted in a total of three metabolites being significantly altered

(p<0.05) between multiple sclerosis subtypes and control samples,

namely alanyltryptophan and indoleacetic acid with higher and lino-

leoyl ethanolamide with lower abundance in both RRMS and SPMS

compared to controls (Fig. 4B).

Demonstrators 3 and 4: Domain agnosticity (NMR and fluxo-

mics workflows). We developed a workflow for analysis of 1D

NMR data. The workflow consisted of automatic downloading

NMR vendor data (and metadata) from MetaboLights database fol-

lowed by format standardization, spectral processing and statistical

analysis. We processed a NMR dataset (demonstrator 3) resulting to

quantification of a total of 726 features which were used to perform

Orthogonal Projections to Latent Structures Discriminant Analysis

(OPLS-DA). This resulted in a clear separation between T2DM and

controls (Fig. 5), similar to that of previous findings (Salek et al.,

2007). Lastly, we designed a workflow for analyzing metabolite

metabolic fluxes. The workflow integrated four main steps including

data extraction, data correction, calculation of flux distribution and

visualization. Using this workflow (Fig. 6), we achieved detailed de-

scription of the magnitudes of the fluxes through the reactions

accounting for glycolysis and pentose phosphate pathway.

4 Discussion

Implementing the different tools and processing steps of a data ana-

lysis workflow as separate services that are made available over a

network was in the spotlight in the early 2000s (Foster, 2005) as

service-oriented architectures (SOA) in science. At that time, web

services were commonly deployed on physical hardware and

exposed and consumed publicly over the internet. However, it soon

became evident that this architecture did not fulfill its promises as it

was hard to scale from a computational and maintainability per-

spective. In addition, the web services were not portable and mirror-

ing them was complicated (if at all possible). Furthermore, API

changes and frequent services outage made it frustrating to connect

them into functioning computational workflows. Ultimately, the

ability to replicate an analysis on local and remote hardware (such

as a computer cluster) was very difficult due to heterogeneity in the

computing environments.

At first sight microservices might seem similar to above men-

tioned SOA web services, but microservices can with great benefit

be executed in virtual environments (abstracting over OS and hard-

ware architectures) in such a way that they are only instantiated and

executed on-demand, and then terminated when they are no longer

needed. This makes such virtual environments inherently portable

and they can be launched on demand on different platforms

Fig. 2. Diagram of scalability-testing on a metabolomics dataset

(MetaboLights ID: MTBLS233) in Demonstrator 1 to illustrate the scalability of

a microservice approach. A) The preprocessing workflow is composed of 5

OpenMS tasks that were run in parallel over the 12 groups in the dataset

using the Luigi workflow system. The first two tasks, peak picking (528 tasks)

and feature finding (528 tasks), are trivially parallelizable, hence they were

run concurrently for each sample. The subsequent feature linking task needs

to process all of the samples in a group at the same time, therefore 12 of

these tasks were run in parallel. In order to maximize the parallelism, each

feature linker container (microservice) was run on 2 CPUs. Feature linking

produces a single file for each group, that can be processed independently by

the last two tasks: file filter (12 tasks) and text exporter (12 tasks), resulting in

total of 1092 tasks. The downstream analysis consisted of 6 tasks that were

carried out in a Jupyter Notebook. Briefly, the output of preprocessing steps

was imported into R and the unstable signals were filtered out. The missing

values were imputed and the resulting number of features were plotted. B)

The weak scaling efficiency plot for Demonstrator 1. Given the full MTBLS233

dataset, the preprocessing was run on 40 Luigi workers. Then for 1/4, 2/4, 3/4

of MTBLS233, the analysis was run again on 10, 20 and 30 workers respect-

ively. For each run, we measured the processing time T10, T20, T30 and T40,

and we computed the WSEn ¼ T10/Tn for n¼ 10, 20, 30, 40. The WSE plot

shows scalability up to 40 CPUs, where we achieved �88% scaling efficiency.

The running time for the full dataset (a total of 1092 tasks) on 40 workers was

�4hours

Fig. 3. Overview of the workflow used to process multiple-sclerosis samples

in Demonstrator 2, where a workflow was composed of the microservices

using the Galaxy system. The data was centroided and limited to a specific

mass over charge (m/z) range using OpenMS tools. The mass traces quantifi-

cation and retention time correction was done via XCMS (Smith et al., 2006).

Unstable signals were filtered out based on the blank and dilution series sam-

ples using an in-house function (implemented in R). Annotation of the peaks

was performed using CAMERA (Kuhl et al., 2012). To perform the metabolite

identification, the tandem spectra from the MS/MS samples in mzML format

were extracted using MSnbase and passed to MetFrag. The MetFrag scores

were converted to q-values using Passatutto software. The result of identifica-

tion and quantification were used in ‘Multivariate’ and ‘Univariate’ containers

from Workflow4Metabolomics (Giacomoni et al., 2015) to perform Partial

Least Squares Discriminant Analysis (PLS-DA)
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(e.g. a laptop, a powerful physical server or an elastic cloud environ-

ment). A key aspect is that workflows of microservices are still exe-

cuted identically, agnostic of the underlying hardware platform.

Container-based microservices provide a wide flexibility in terms of

versioning, allowing the execution of newer and older versions

of each container as needed for reproducibility. Since all software

dependencies are encompassed within the container, which is ver-

sioned, the risk of workflow failure due to API changes is mini-

mized. An orchestration framework such as Kubernetes further

allows for managing errors in execution and transparently handles

the restarting of services. Hence, technology has caught up with

service-oriented science, and microservices have taken the method-

ology to the next level, alleviating many of the previous problems

related to scalability, portability and interoperability of software

tools. This is advantageous in the context of omics analysis, which

produces multidimensional datasets reaching beyond gigabytes, on

into terabytes, leading to ever-increasing demand on processing

performance (Marx, 2013; Schadt et al., 2010). However, contain-

erization does not address how services communicate with each

other, but this has to be implemented inside the container itself.

Traditional web services addressed this by standardizing the messag-

ing protocol and public-facing interfaces (e.g. SOAP and WSDL)

(Stockinger et al., 2008), while in a containerized environment

Representational State Transfer (REST) (Fielding, 2000) or passing

files by reference to a shared file system is more common. In

Demonstrator 1, we showed that microservices enable highly effi-

cient and scalable data analyses by executing individual modules in

parallel, and that they effectively harmonize with on-demand elasti-

city of the cloud computing paradigm. The reached scaling effi-

ciency of �88% indicates remarkable performance achieved on

generic cloud providers. Furthermore, although our results in posi-

tive ionization model was slightly different to that of Ranninger

et al. (2016), the results of our analysis were replicable regardless of

the platform used to perform the computations.

In addition to the fundamental demand for high performance,

the increased throughput and complexity of omics experiments has

Fig. 4. The results from analysis of multiple sclerosis data in Demonstrator 2,

presenting new scientifically useful biomedical knowledge. A) The PLS-DA

results suggest that the metabolite distribution in the RRMS and SPMS sam-

ples are different to controls. B) Three metabolites were identified as differen-

tially regulated between multiple sclerosis subtypes and control samples,

namely Alanyltryptophan and Indoleacetic acid with higher and Linoleoyl

ethanolamide with lower abundance in both RRMS and SPMS compared to

controls. Abbr., RRMS: relapsing-remitting multiple sclerosis, SPMS: second-

ary progressive multiple sclerosis

Fig. 5. Overview of the NMR workflow in Demonstrator 3. The raw NMR data

and experimental metadata (ISATab) was automatically imported from the

Metabolights database and converted to open source nmrML format. The

preprocessing was performed using the rnmr1d package part of nmrprocflow

tools. All study factors were imported from MetaboLights and were fed to the

multivariate node to perform an OPLS-DA
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led to a large number of sophisticated computational tools (Berger

et al., 2013), which in turn necessitates integrative workflow engines

(Atkinson et al., 2017; Di Tommaso et al., 2017; Liew et al., 2016). In

order to integrate new tools in such workflow engines, compatibility of

the target environment, tools and APIs needs to be considered (Di

Tommaso et al., 2017). Containerization facilitates this by providing a

platform-independent virtual environment for developing and running

the individual tools. However, the problem of compatibility between

tools/APIs and data formats remains and needs to be tackled by inter-

national consortia (Wilkinson et al., 2016). Our methodology the cur-

rently non-trivial task of instantiating the complete microservice

environment through a web portal that allows for convenient deploy-

ment of the VRE on public cloud providers. Moreover, using this web

portal, microservices and VREs can be deployed on a trusted private

cloud instance or a local physical server on an internal network, such

as within a hospital network, allowing for levels of isolation and avoid-

ing transfer of data across untrusted networks which often are require-

ments in the analysis of sensitive data. This was exemplified in

Demonstrator 2, where a complete start-to-end workflow was run on

the Galaxy platform on a secure server at Uppsala University Hospital,

Sweden, leading to the identification of novel disease fingerprints in the

CSF metabolome of RRMS and SPMS patients. It is worth mentioning

that the selected metabolites were part of the tryptophan metabolism

(alanyltryptophan and indoleacetic acid) and endocannabinoids (lino-

leoyl ethanolamide), both of which have been previously implicated in

multiple sclerosis (Amirkhani et al., 2005; Baker and Pryce, 2008;

Centonze et al., 2007; Lim et al., 2017; Lovelace et al., 2016;

Zamberletti et al., 2012). However, since the cross-validated predictive

performance (Q2Y ¼ 0.286) is not much higher than some of the mod-

els generated after random permutation of the response (Fig. 4A), the

quality of the model needs to be confirmed in a future study on an in-

dependent cohort of larger size.

The microservice architecture is domain-agnostic and not limited

to a particular assay technology, i.e. mass spectrometry. This was

showcased in Demonstrator 3 and 4, where an automated 1D NMR

workflow and calculation of flux distributions (derived from the ap-

plication of stable isotope resolved metabolomics) were performed.

In Demonstrator 3, we showed that the pattern of the metabolite ex-

pression is different between type 2 diabetic and healthy controls,

and that a large number of metabolites contribute to such separ-

ation. In Demonstrator 4, we showed a high rate of glycolysis in

cells cultured in hypoxia, which is consistent with the one expected

for endothelial cells (Iyer et al., 1998) and with how these cells

maintain energy in low oxygen environments and without oxidative

phosphorylation (Eelen et al., 2015; Polet and Feron, 2013). These

two examples further show that complex workflows can be applied

with minimal effort on other studies (i.e. simply by providing a

MetaboLights accession number), leading to the capability to re-

analyze data and compare the results with the original publication

findings. Furthermore, it demonstrates the value of standardised

dataset descriptions such as nmrML (Schober et al., 2017) and ISA

format (Rocca-Serra et al., 2016; Sansone et al., 2012) for represent-

ing NMR based studies, as well as the potential of the VRE to foster

reproducibility. Furthermore, the data processing steps are trackable

and replicable as each container/tool is versioned for a specific re-

lease and data processing steps and the corresponding parameters

are taken care of by the workflow engine. In addition, the cli

KubeNow is using speciffic pinned versions of all dependant soft-

ware and all versions of software is stored in the user config dir cre-

ated by the init-command. The specific version of KubeNow used is

saved in user config directory.

While microservices are not confined to metabolomics and gen-

erally applicable to a large variety of applications, there are some

important implications and limitations of the method. Firstly, tools

need to be containerized in order to operate in the environment.

This is however not particularly complex, and an increasing number

of developers provide containerized versions of their tools on

public container repositories such as Dockerhub or Biocontainers

(da Veiga Leprevost et al., 2017). Secondly, uploading data to a

cloud-based system can take a considerable amount of time, and

having to re-do this every time a VRE is instantiated can be time-

consuming. This can be alleviated by using persistent storage on a

cloud resource, but the availability of such storage varies between

different cloud providers. Further, the storage system can become a

bottleneck when many services try to access a shared storage. We

observe that using a distributed storage system with multiple storage

nodes can drastically increase performance, and the PhenoMeNal

VRE comes with a distributed storage system by default. When

using a workflow system to orchestrate the microservices, stability

and scalability are inherently dependent on the workflow system’s

job runner. Workflow execution is dependent on the underlying

workflow engine, and we observed that a large number of outputs

can make the Galaxy engine unresponsive, whereas the Luigi engine

did not have these shortcomings. With clouds and microservices

maturing, workflow systems will need to evolve and further embrace

the new possibilities of these infrastructures. It is important to note

that microservices do not overcome the incompatibility between

tools with respect to using different data formats, and code resolving

such incompatibility is still needed. However, using a shared plat-

form makes such bridging components easier to maintain and makes

them reusable. There remains great challenges in establishing inter-

operable and agreed-upon standards and data formats that are wide-

ly accepted and implemented by tools, as well as achieving complete

support for the FAIR principles (Wilkinson et al., 2016). Further,

Fig. 6. Overview of the workflow for fluxomics, with Ramid, Midcor, Iso2Flux

and Escher-fluxomics tools supporting subsequent steps of the analysis. The

example refers to HUVEC cells incubated in the presence of [1,2-13C2]glucose

and label (13C) propagation to glycogen, RNA ribose and lactate measured by

mass spectrometry. Ramid reads the raw netCDF files, corrects baseline and

extracts the peak intensities. The resulting peak intensities are corrected (nat-

ural abundance, overlapping peaks) by Midcor, which provides isotopologue

abundances. Isotopologue abundances, together with a model description

(SBML model, tracing data, constraints), are used by Iso2Flux to provide flux

distributions through glycolysis and pentose-phosphate pathways, which are

shown as numerical values associated to a metabolic scheme of the model

by the Escher-fluxomics tool
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not all research can be easily pipelined, for example exploratory re-

search might be better carried out in an ad-hoc manner than with

workflows and the overhead this implies. A Jupyter Notebook as

used in in Demonstrator 1 or embedded in Galaxy (Grüning et al.,

2017) constitutes a promising way to make use of microservices for

interactive analysis. The serverless architecture, also called

Functions as a Service (FaaS) architecture, is an interesting method-

ology when deployed with microservices as it allow developers to

execute code in response to events without managing the underlying

infrastructure. While serverless technologies have irrupted strongly

in areas of software engineering closer to web development, this

doesn’t mean that their usage can be easily transferred to scientific

workloads. This is due to the far more complex network of depend-

encies that scientific software will have compared to web applica-

tions, where large applications can be managed for instance through

npm package resolutions only. On scientific software solutions one

will commonly find dependencies in different programming lan-

guages, different underlying libraries and even sometimes on differ-

ent incompatible versions of the same frameworks. This level of

complexity is not resolvable today through server less approaches

and requires more isolated approaches based on containers, such as

the one presented here.

In summary, we showed that microservices allow for efficient

horizontal scaling of analyses on multiple computational nodes, ena-

bling the processing of large datasets. By applying a number of data

[mzML (Martens et al., 2011), nmrML] and metadata standards

[ISA serializations for study descriptions (Rocca-Serra et al., 2016;

Sansone et al., 2012)], we also demonstrated a high level of inter-

operability in the context of metabolomics, by providing completely

automated start-to-end analysis workflows for mass spectrometry

and NMR data. In addition, many of the state-of-the-art tools such

as components of XCMS ONLINE (Warth et al., 2017) and

MetaboAnalyst (Xia et al., 2012) can be incorporated in the work-

flows, providing more refined workflows. The ability to instantiate

VREs close to large datasets, such as on local servers within a hos-

pital for Demonstrator 2, makes it possible to use the VRE on sensi-

tive data that is not allowed to leave the current environment for

ELSI reasons. While the current PhenoMeNal VRE implementation

uses Docker for software containers and Kubernetes for container

orchestration, the microservice methodology is general and not

restricted to these frameworks. Likewise, the choice of Luigi and

Galaxy was here used to demonstrate the capabilities of workflow

management microservices in cloud environments. In fact, our

microservice architecture supports other major workflow engines

such as Nextflow (Di Tommaso et al., 2017) or Snakemake (Köster

and Rahmann, 2012). Hence it is possible to use any of such work-

flow engines in our VRE and still produce reproducible results. In

addition, despite some of our workflows were novel in the context

of metabolomics (e.g. Demonstrator 2) and can be readily applied

on other datasets, their main contribution in this work is to show-

case scalability and interoperability of the microservices method-

ology. Finally, we emphasise that the presented methodology goes

beyond metabolomics and can be applied to virtually any field, low-

ering the barriers for taking advantage of cloud infrastructures and

opening up for large-scale integrative science.
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Abstract

Deciphering the mechanisms of regulation of metabolic networks subjected to perturbations,

including disease states and drug-induced stress, relies on tracing metabolic fluxes. One of

the most informative data to predict metabolic fluxes are 13C based metabolomics, which

provide information about how carbons are redistributed along central carbon metabolism.

Such data can be integrated using 13C Metabolic Flux Analysis (13C MFA) to provide quanti-

tative metabolic maps of flux distributions. However, 13C MFAmight be unable to reduce the

solution space towards a unique solution either in large metabolic networks or when small

sets of measurements are integrated. Here we present parsimonious 13C MFA (p13CMFA),

an approach that runs a secondary optimization in the 13C MFA solution space to identify

the solution that minimizes the total reaction flux. Furthermore, flux minimization can be

weighted by gene expression measurements allowing seamless integration of gene expres-

sion data with 13C data. As proof of concept, we demonstrate how p13CMFA can be used to

estimate intracellular flux distributions from 13C measurements and transcriptomics data.

We have implemented p13CMFA in Iso2Flux, our in-house developed isotopic steady-state
13C MFA software. The source code is freely available on GitHub (https://github.com/

cfoguet/iso2flux/releases/tag/0.7.2).

Author summary
13C Metabolic Flux Analysis (13C MFA) is a well-established technique that has proven to

be a valuable tool in quantifying the metabolic flux profile of central carbon metabolism.

When a biological system is incubated with a 13C-labeled substrate, 13C propagates to

metabolites throughout the metabolic network in a flux and pathway-dependent manner.
13C MFA integrates measurements of 13C enrichment in metabolites to identify the flux

distributions consistent with the measured 13C propagation. However, there is often a

range of flux values that can lead to the observed 13C distribution. Indeed, either when the

metabolic network is large or a small set of measurements are integrated, the range of
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valid solutions can be too wide to accurately estimate part of the underlying flux distribu-

tion. Here we propose to use flux minimization to select the best flux solution in the13C

MFA solution space. Furthermore, this approach can integrate gene expression data to

give greater weight to the minimization of fluxes through enzymes with low gene expres-

sion evidence in order to ensure that the selected solution is biologically relevant. The

concept of using flux minimization to select the best solution is widely used in flux balance

analysis, but it had never been applied in the framework of 13C MFA. We have termed

this new approach parsimonious 13C MFA (p13CMFA).

Introduction
Fluxomics is the omics field that analyses metabolic fluxes (i.e., reaction and transport rates in

living cells) which are a close reflection of the metabolic phenotype. As such, quantitative

tracking of metabolic fluxes is vital for deciphering the regulation mechanisms of metabolic

networks subjected to perturbations, including disease states and drug-induced stress. How-

ever, unlike other omics data that can be quantified directly, the fluxome can only be estimated

through an indirect interpretation of experimental data[1–3].

There are two main model-based approaches to quantifying metabolic fluxes, Flux Balance

Analysis (FBA) and 13C Metabolic Flux Analysis (13C MFA). Both methods use stoichiometric,

thermodynamic and experimental constraints to find the range of feasible fluxes across a meta-

bolic network and then find the flux distributions within that space that optimize a given

objective function. However, both techniques differ in the type of objective function

optimized.

In FBA, the objective function is a set of fluxes to be minimized or maximized. These fluxes

must represent a biological objective deemed desirable in the conditions of study (e.g., synthe-

sis of biomass components for proliferating systems)[4]. A significant limitation of FBA is that

the choice of objective(s) can significantly influence the predicted flux distributions.

In 13C MFA, the objective function is to minimize the difference between simulated and

measured 13C enrichment in metabolites [5,6]. 13C enrichment is quantified in metabolic

products and intermediates after incubating samples with metabolic substrates labeled with
13C (tracers) and provides information about how carbons are redistributed along metabolic

pathways[7]. Compared to FBA, 13C MFA has a greater capacity to elucidate the fluxes of cen-

tral carbon metabolism. However, 13C MFA is more complex to solve than FBA due to the

non-linear nature of the 13C MFA objective.

A significant limitation of FBA is that there is generally a wide range of optimal flux distri-

butions[8]. This is not usually the case with 13CMFA which can generally determine flux dis-

tributions with a high degree of accuracy. 13C MFA achieves this by integrating large sets of

measured isotopologue fractions from parallel experiments with tracers optimized for different

parts of the network[9–16]. However, when 13C MFA is used in large metabolic networks and

with a limited set of measurements, it can also suffer from the same limitation as FBA and

result on a wide interval of flux values for part of the metabolic network[5,17–19].

On FBA, an approach to reduce the range of optimal solutions consists in running a second

optimization step on the optimal solution range. One of such methods is parsimonious FBA

(pFBA)[20]. This approach, which follows the principle of parsimony or simplicity, consists on

finding the optimal value of the primary objective function through FBA and then running a

second optimization step where the sum of reaction fluxes is minimized while maintaining the

optimal primary objective. The GIMME (and its derivative GIM3E) algorithms[21,22] are

p13CMFA
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based on a similar principle as pFBA. Unlike standard pFBA, where all reactions fluxes are

minimized with equal weight, GIMME integrates gene expression data to give greater weight

to the minimization of fluxes through reactions catalyzed by lowly expressed enzymes. Differ-

ent to FBA, for 13C MFA, there is currently no approach that relies on a second optimization

to reduce the solution space when experimental data is insufficient to constrain the system

towards a unique solution.

In addition to model-based approaches (e.g., FBA or 13C MFA), metabolic fluxes can also

be analyzed through the direct or semidirect interpretation of 13C data. This approach primar-

ily consists of predicting the contribution of a labeled substrate to the synthesis of a given

metabolite (nutrient contribution) and predicting the relative activity of pathways (pathway

activity analysis). Pathway activity analysis assumes that the isotopologue fractions used as a

surrogate for the pathways of interest are primarily generated through them. This assumption

is generally based on the assertion that the pathways of interest are the most direct way to gen-

erate such fractions from the labeled substrate used in the experiment[2,7,23–25]. Unlike 13C

MFA, direct interpretation of 13C data is generally not able to quantify network-wide flux

maps. Instead, it provides a series of qualitative or semiquantitative flux predictions around

each analyzed metabolite. Strategies that couple direct interpretation of 13C data to regression

and correlation analyses are widely applied to unveil the effect of an external perturbation,

such as a therapeutic intervention, on central carbon metabolism[26–30].

Here we present parsimonious 13C MFA (p13CMFA), a new model-based approach to flux

estimation. p13CMFA first minimizes the difference between experimental and simulated 13C

enrichment in metabolites (13C MFA) and then applies the flux minimization principle to

select the best solution among the solutions that fit experimental 13C data. Hence, p13CMFA

can be used to select the best flux map in instances where experimental 13C measurements are

not enough to fully constrain the 13C MFA solution space. Furthermore, the minimization can

be weighted by gene expression allowing seamless integration of 13C with gene expression data

(Fig 1).

We have implemented p13CMFA in Iso2Flux, our in-house developed isotopic steady-state
13C MFA software (https://github.com/cfoguet/iso2flux/releases/tag/0.7.2). As a proof of con-

cept, we have applied it to the analysis of the metabolic flux distribution in HUVECs (Human

umbilical vein endothelial cells) through the integration of a small set of 13C enrichment mea-

surements and transcriptomics data. Furthermore, we validated the predictive capacity of

p13CMFA using data from a published study of HTC116 cells where fluxes had been estimated

with a high degree of confidence[14]. Using only a small subset of the measurements from

such study, p13CMFA was able to achieve significantly better flux predictions than both 13C

MFA and GIMME.

Results

Description of the p13CMFA approach

p13CMFA consists of two consecutive optimizations: first, the optimal solution to the 13C

MFA problem is identified (Eq 1); secondly, the weighted sum of reaction fluxes is minimized

within the optimal solution space of 13C MFA (Eq 2).

The 13C MFA optimization (Eq 1) identifies the flux distribution that minimizes the differ-

ence between measured and simulated isotopologue fractions [5,7]:

Xopt ¼ min
X

j

Ej � YjðvÞ
sj

!2

ðEq1Þ

p13CMFA
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Subject to S:v ¼ 0; lb � v � ub

where,

v is a vector of flux values describing a valid steady-state flux distribution;
Xopt is the optimal value of the 13C MFA objective;

Ej is the experimentally quantified fraction for isotopologue j;
Yj(v) is the simulated isotopologue fraction for isotopologue j with flux distribution v. Such

simulation is performed by solving a complex non-linear system of equations built around iso-

topologues balances [1].

Fig 1. The conceptual basis of p13CMFA. From an infinite space of flux (v) solutions, a space of feasible solutions is obtained through the integration of stoichiometric
and thermodynamic constraints (in the form of a constraint-based model) and the measured extracellular fluxes. Applying 13CMFA to integrate experimental 13C data
can further reduce the solution space to those flux distributions that are consistent with such data. Through flux minimization, p13CMFA can identify the optimal flux
distribution that lies on the edge of the 13C MFA solution space. Such minimization can be weighted according to the gene expression evidence for each enzyme.

https://doi.org/10.1371/journal.pcbi.1007310.g001

p13CMFA
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σj is the experimental standard deviation of the measurements of isotopologue j;
S is the stoichiometric matrix;

lb and ub are vectors defining the upper and lower bounds for flux values. Flux bounds can
be used to integrate experimental flux measurements;

Either in large metabolic networks or when small sets of 13C measurements are integrated,

the 13C MFA problem can be undetermined and there can be a wide range of possible solu-

tions. Such indetermination emerges from cycles and alternative pathways in the metabolic

network, which lead to many possible flux combinations that can result in the measured 13C

label patterns. Furthermore, many of the 13C MFA solutions can involve large fluxes through

futile cycles, which are usually artifacts of the optimization process as in vivo enzyme activities

cannot support such large flux values. Therefore, to select the best solution among the many

solutions that fit experimental 13C data, p13CMFA runs a second optimization where the

weighted sum of fluxes is minimized (Eq 2):

min
X

i
jvij � wi ðEq2Þ

subject to S:v ¼ 0; lb � v � ub;
X

j

Ej � YjðvÞ
sj

!2

� Xopt þ T

where:

wi is the weight given to the minimization of flux through reaction i;
T is the maximum value that the 13C MFA objective can deviate from its optimal value (pri-

mary objective tolerance) when fluxes are minimized;

The difference between the optimal 13C MFA objective function value and the objective

function value when the total reaction flux is minimized can be assumed to follow a Chi2-

distribution with one degree of freedom. Therefore, setting T to 3.84 gives a p13CMFA solution

within the 95% confidence intervals of 13C MFA[5].

With p13CMFA, the activity through cycles is minimized to the minimum amount needed

to account for experimental measurements. Furthermore, gene expression measurements can

be integrated to give greater weight to the minimization of fluxes through reactions catalyzed

by lowly expressed enzymes. Then, in instances where multiple pathways can result in similar

label patterns, those pathways with stronger gene expression evidence are selected. Hence,

p13CMFA reduces the solution space towards a unique solution without requiring a simplifica-

tion of the metabolic network or additional 13C measurements (Fig 1).

Example of p13CMFA usage

As an example of a potential application of p13CMFA, we applied it to analyze the metabolic

flux distribution in HUVECs using a publicly available dataset not large enough to make

meaningful flux predictions with conventional 13C MFA.

In this study, available in the MetaboLights repository[31] (accession number MTBLS412),

HUVECs were incubated in the presence of the tracer [1,2-13C2]-glucose, and the relative

abundance of 13C isotopologues was quantified in glycogen, ribose, lactate, and glutamate. The

rates of production/consumption of glucose, glycogen, lactate, glutamate, and glutamine were

also quantified. The data were integrated into a stoichiometric model of central metabolism

which includes glycolysis, glycogen metabolism, pentose phosphate pathway (PPP), tricarbox-

ylic acid (TCA) cycle, fatty acid synthesis, and energy and redox metabolism (S1 ZIP).

To predict the flux distribution using conventional 13C MFA, 95% confidence intervals

were computed for each predicted flux value. From this analysis, the space of flux solutions

p13CMFA
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consistent with the measured 13C enrichment was estimated. The resulting space of solution

was still mostly undetermined and, in general, 13C MFA was unable to significantly constraint

the flux ranges emerging from the stoichiometric and thermodynamic constraints and the

measured extracellular fluxes (Fig 2, S1 Table). For instance, despite integrating measurements

of 13C enrichment in ribose, it was not possible to conclude whether the oxidative branch of

the pentose phosphate pathway contributed more to de novo ribose synthesis than the non-oxi-

dative branch or vice versa.

Nevertheless, p13CMFA can be applied to select the best solution in the 13C MFA solution

space. With this aim, transcriptomic data taken from the literature[32] were used to add addi-

tional penalties to the flux through lowly expressed enzymes. Indeed, by applying p13CMFA,

we can now conclude that, under the condition of the study, glucose is mostly directed towards

lactate production except for a small part going to the TCA cycle through pyruvate dehydroge-

nase (Fig 2, Fig 3). Glutamine is mainly metabolized to glutamate or directed to glycolysis

through the TCA cycle and phosphoenolpyruvate carboxykinase. In the PPP, the non-oxida-

tive branch contributes to roughly 60% of the net ribose synthesis. Only the glycogen phos-

phorylase/glycogen synthase futile cycle is predicted to be active, while the remaining futile

cycles (i.e., the hexokinase/glucose 6-phosphatase, phosphofructokinase/fructose bis-phospha-

tase, pyruvate carboxylase/phosphoenolpyruvate carboxykinase, and glutaminase/glutamine

synthase cycles) are predicted to be inactive. Concerning redox metabolism, most of the

reduced NAD+ (NADH) produced in the mitochondria is exported to the cytosol through the

malate-aspartate shuttle, where it is used to reduce pyruvate to lactate.

To evaluate the contribution of 13C MFA to the p13CMFA solution, GIMME (i.e., flux mini-

mization weighted by gene expression without integrating 13C data) was also performed (Fig 2,

S1 Table). Lacking 13C data, GIMME does not predict any activity in the oxidative branch of

the pentose phosphate pathway, nor on the glycogen phosphorylase/glycogen synthase futile

cycle. Furthermore, GIMME predicts a significantly larger flux through pyruvate dehydroge-

nase than p13CMFA. Interestingly, p13CMFA predicts an increased activity of the TCA cycle

compared to the GIMME solution. This increased activity is fueled by alternative sources of

acetyl-CoA such as fatty acid oxidation or catabolism of ketogenic amino acids. Hence,

p13CMFA is able to take advantage of measured 13C enrichments and predict significantly dif-

ferent flux maps than those derived from flux minimization alone.

Validation of the p13CMFA approach

To validate the p13CMFAmethod, we used data from a metabolic characterization of the colon

cancer cell line HCT 116 published by Tarrado-Castellarnau et al. [14]. In this study, 25 direct

flux measurements and 24 sets of isotopologue fractions, measured after incubation with either

[1,2-13C2]-glucose or [U-
13C5]-glutamine, had been integrated in the framework of 13C MFA.

With such a large set of experimental measurements, 13C MFA had been able to estimate the

flux through 62 reactions with a high degree of accuracy. In the same study, transcriptomics

data were also collected.

From this large data set, we selected a partial data set consisting of 7 experimental flux mea-

surements (the rates of uptake/secretion of glucose, lactate, glutamine, glutamate and, oxygen

and the rate of protein and glycogen synthesis) and 4 sets of isotopologue fractions (isotopolo-

gue fractions in ribose, lactate, glutamate and glycogen measured after incubation with

1,2-13C2]-glucose). Those are the sets of isotopologues and fluxes that were analyzed in the

HUVECs case study with the addition of the rate of protein synthesis and oxygen consumption

which Tarrado-Castellarnau et al. described as key determinants of the metabolic phenotype

of HCT 116 cells. The partial data set was used to apply pFBA, GIMME, 13C MFA and

p13CMFA
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Fig 2. Flux spectrum, GIMME solutions, 13C MFA flux ranges, and p13CMFA solutions for some key reaction fluxes in the HUVECs case study.
Flux spectrum represents the feasible flux ranges considering only the stoichiometric and thermodynamic constraints and the measured extracellular
fluxes. GIMME flux values are obtained when total reaction flux is minimized weighted by gene expression without integrating 13C data. For 13C MFA,

p13CMFA
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p13CMFA in the framework of the metabolic network defined by Tarrado-Castellarnau et al.
[14] (S2 Zip). p13CMFA was applied both with and without integrating gene expression data

(p13CMFA+ge and p13CMFA-ge, respectively). Two complementary metrics, Pearson’s corre-

lation and Euclidian distance, were used to evaluate the similarity between the predicted flux

distributions and the flux maps estimated by Tarrado-Castellarnau et al. using the full dataset
[14] (Fig 4, S2 Table). The results show that p13CMFA-ge yields a significantly more accurate

flux prediction than both pFBA (i.e., flux minimization without integrating 13C data), and 13C

MFA. Interestingly, while integrating gene expression significantly enhances the accuracy of

p13CMFA (p13CMFA+ge compared to p13CMFA-ge), such effect is less marked than the effect

of adding gene expression to standard flux minimization (GIMME compared to pFBA). This

is due to the fact that p13CMFA-ge flux predictions have already a remarkable level of accuracy;

hence, less information can be gained by adding transcriptomics data. Nevertheless, even if

GIMME achieves flux predictions of similar accuracy to p13CMFA-ge, p13CMFA+ge results

on flux predictions that are significantly more accurate than those obtained with GIMME.

Hence, in instances were only a limited number of 13C measurements are available, p13CMFA

is a valid method for obtaining accurate flux estimations, regardless of the availability of gene

expression data.

Discussion
13C MFA is a well-established technique and has proven to be an extremely valuable tool in

quantifying metabolic fluxes[9–18]. However, to fully determine fluxes through a large meta-

bolic network, parallel labeling experiments must be performed and 13C propagation must be

quantified in many metabolites in the network[19]. Indeed, when applying 13C MFA either

with a small set of experimental data or with a large metabolic network, part of the 13C MFA

solution space can be too wide to draw meaningful conclusions about the underlying flux dis-

tribution. This solution space can be reduced by removing degrees of freedom from the sys-

tem, for instance, by removing reactions from the network or making reactions irreversible.

However, this can introduce an arbitrary bias in the resulting flux distribution.

Here we describe p13CMFA, a new approach for 13C data integration which can overcome

these limitations of 13C MFA and estimate a realistic solution within an undetermined 13C

MFA solution space. This solution will be the flux distribution within the 13C MFA solution

space that minimizes the weighted sum of reaction fluxes. Thus, it will be the most enzymati-

cally efficient solution. In that regard, p13CMFA is partially based on a similar principle as

pathway activity analysis (i.e., the assumption that specific fractions of isotopologues are pri-

marily generated through the simplest combinations of pathways). However, unlike pathway

activity analysis, p13CMFA is able to integrate all quantified isotopologue fractions and flux

measurements (e.g. rates of metabolite uptake and secretion) to generate network-wide flux

maps consistent with such data. Furthermore, p13CMFA is highly flexible; for instance, here

we show that it can be used to seamlessly integrate gene expression data by giving higher

weight to the minimization of the fluxes through lowly expressed enzymes.

As a proof of concept, we exemplified how p13CMFA can be used to estimate flux distribu-

tions integrating only limited sets of 13C measurements in a test case where traditional 13C

MFA was unable to provide a narrow solution space. Furthermore, we demonstrated that,

when a limited set of measurements are integrated, p13CMFA can yield more accurate flux pre-

dictions than both 13C MFA and GIMME.

the flux values obtained after the 13C MFA optimization and the range of the 95% confidence intervals for such values are shown. The p13CMFA flux
values are obtained when total reaction flux is minimized within the 13C MFA solution space. Fluxes are expressed in μmol�h-1�million-cells-1.

https://doi.org/10.1371/journal.pcbi.1007310.g002

p13CMFA

PLOSComputational Biology | https://doi.org/10.1371/journal.pcbi.1007310 September 6, 2019 8 / 18



Fig 3. Schematic representation of the central carbon metabolism flux map obtained with p13CMFA in the HUVECs case study. Reaction fluxes
are indicated for some key reactions in μmol�h-1�million-cells-1. Arrows indicate net flux direction, and line width is representative of flux magnitude.

p13CMFA
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p13C MFA does not aim to be a replacement of 13C MFA; instead, it seeks to supplement it

by identifying the more straightforward solution in parts of the network that cannot be uniquely

determined. In that regard, it can be used to quantitatively study flux distributions in instances

where not enough information can be obtained with conventional 13C MFA. Nor does it aim to

replace the direct interpretation of 13C data. The latter is still a suitable technique when the goal

of the analysis is to compare the relative activity of well-established pathways across conditions

or quantify substrate contributions rather than to generate complete flux maps.
13C data has been widely used to assist in drug discovery. In this regard, tracer analysis cou-

pled with regression and correlation analyses is frequently used to characterize drug response

[26–29]. Such approach uses regression and correlation statistics with binary, numeric and

visual analysis to integrate drug dosage, time points, as well as all necessary biological variables

in order to diagnose disturbed stable isotope labeled matrices[29]. p13CMFA could further

expand the role of 13C in drug discovery by allowing the integration of 13C and transcriptomic

data in the framework of genome-scale metabolic models. In the framework of such models,

drug targets are identified by systematically simulating the effect of reactions or genes knock

out to cell function[34]. This is usually attained by applying the ROOM[35] or MOMA[36]

algorithms, which take a unique flux solution as input (wild-type flux distribution) to predict

the most likely effect of a gene KO. Hence, p13CMFA results could be potentially used as

ROOM/MOMA inputs allowing to take full advantage of the flux information derived from

both 13C and transcriptomics data to predict new drug targets. With atom mappings now

available on a genome-scale[37], the main obstacle to applying p13CMFA at a genome-scale is

the high computational complexity of solving the resulting non-linear problem which

increases with the size of the network. Hence, the next challenge for p13CMFA will be optimiz-

ing its implementation for genome-scale networks.

Methods

Flux spectrum

The flux spectrum[38] (i.e., the feasible range of fluxes for a given set of stoichiometric, ther-

modynamic and flux boundary constraints) was determined using flux variability analysis [8].

Under this approach, each flux is minimized (Eq 3) and maximized (Eq 4) subject to con-

straints to find the minimum (vminFS
i ) and maximum (vmaxFSi ) feasible values for each flux:

vminFS
i ¼ min vi ðEq3Þ

subject to S:v ¼ 0; lb � v � ub

vmaxFSi ¼ max vi ðEq4Þ

subject to S:v ¼ 0; lb � v � ub

Reactions and metabolites of redox and energy metabolism have been omitted from this figure for clarity. 2PG: 2-Phosphoglycerate. 3PG:
3-Phosphoglycerate. AcCoA: Acetyl-CoA. aKG: -Ketoglutarate. Asp: Aspartate. bPG13: 1,3-Bisphosphoglycerate. Cit: Citrate. DhaP:
Dihydroxyacetone phosphate. Fru16bP: Fructose 1,6-bisphosphate. Fru6P: Fructose 6-phosphate. Fum: Fumarate. GaP: Glyceraldehyde-3-Phosphate.
Glc: Glucose. Glc1P: Glucose 1-phosphate. Glc6P: Glucose 6-phosphate. Gln: Glutamine. Glu: Glutamate. Glucon6P: Gluconate 6-phosphate. Glygn:
Glycogen. iCit: Isocitrate. Lac: Lactate. Mal: Malate. OAA: Oxaloacetate. PEP: Phosphoenolpyruvate. Pyr: Pyruvate. Rib5P: Ribose 5-phosphate. Rul5P:
Ribulose 5-phosphate. Sed7P: Sedoheptulose 7-phosphate. Suc: Succinate. SucCoa: Succinyl-CoA. UDPGlc: Uridine diphosphate glucose. The
subscripts e, c, andm denote the extracellular, cytosolic and mitochondrial compartments, respectively.

https://doi.org/10.1371/journal.pcbi.1007310.g003

p13CMFA
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13C MFA confidence intervals

The 13CMFA solution space is estimated by computing the confidence intervals for each flux.

Such intervals are obtained by minimizing (Eq 5) and maximizing (Eq 6) each flux subject to

Fig 4. Comparison of the predictive power of 13C MFA, pFBA, GIMME, and p13CMFA. A: Pearson’s correlation
coefficients between the reference flux distribution and the flux maps obtained from 13CMFA (optimal solution),
pFBA, GIMME, and p13CMFA. p13CMFA was applied both with and without integrating gene expression data
(p13CMFA+ge and p13CMFA-ge, respectively). The statistical significance of the difference between correlation
coefficients was evaluated using the Fisher r-to-z transformation[33]. B: Euclidian distances between the reference flux
distribution and the flux maps obtained from 13CMFA (optimal solution), pFBA, GIMME, and p13CMFA.

https://doi.org/10.1371/journal.pcbi.1007310.g004
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constraints[5].

vmini ¼ min vi ðEq5Þ

subject to S:v ¼ 0; lb � v � ub;
X

j

Ej � YjðvÞ
sj

!2

� Xopt þ T

vmaxi ¼ max vi ðEq6Þ

subject to S:v ¼ 0; lb � v � ub;
X

j

Ej � YjðvÞ
sj

!2

� Xopt þ T

where,

vmini: is the lower bound of the confidence interval for flux i with tolerance T;
vmaxi: is the upper bound of the confidence interval for flux i with tolerance T;
Provided that the same primary objective tolerance (T) is used in computing both the

p13CMFA solution and the 13C MFA confidence intervals, the p13CMFA solution will always

fall within the boundaries of 13C MFA confidence intervals (vmini�vi�vmaxi).

GIMME and pFBA

To apply GIMME and pFBA, the sum of fluxes is minimized subject only to network stoichi-

ometry and flux boundaries (Eq 7).

min
P

ijvij � wi ðEq7Þ

subject to S:v ¼ 0; lb � v � ub

In GIMME, flux minimization weights are derived from gene expression measurements,

whereas in pFBA all reactions are given the same minimization weight[20,22].

Transcriptomic analysis

Transcriptomic data of HUVECs and HCT 116 cells published by Weigand et al.[32] and Tar-

rado-Castellarnau[14] et al., respectively, were obtained from the Gene Expression Omnibus

repository[39]. A Robust Multichip Analysis gene-level normalization[40] was performed with

the Oligo package for R[41].

Using gene-protein-reaction rules, normalized transcript intensities were mapped to each

enzyme-catalyzed reaction or protein-facilitated transport process. The weight given to the

minimization of fluxes was assigned according to the following equation:

wi ¼ 1þmaxðTh� gei; 0Þ ðEq8Þ

where,

gei is the gene expression value assigned to reaction i;
Th is the gene expression threshold. Fluxes through reactions with gene expression levels

below this threshold are given additional minimization weight;
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Using the same criteria as GIM3E[22], Th was set at the maximum gene expression value

found in the set of genes mapped to the metabolic network (Eq 9):

Th ¼ maxðgeÞ ðEq9Þ

Using this threshold, the information gained from integrating available gene expression

measurements is maximized. Other Th values were tested in the validation case study[14] and

using the maximum gene expression as the threshold was found to yield the most accurate flux

predictions (S3 Table).

p13CMFA implementation

p13CMFA was implemented in Iso2Flux, our in-house developed 13CMFA software (https://

github.com/cfoguet/iso2flux/releases/tag/0.7.2).

Iso2Flux computes steady-state flux distributions as the product of the null space of the stoi-

chiometric matrix and the vector of free fluxes. Reversible reactions are split into forward and

reverse reactions. For each reversible reaction, a turnover variable (ti) is introduced defining

the flux that is common to the forward (vif) and reverse (vir) reactions. These variables are used
to assign values to the fluxes of the forward and reverse reactions as a function of the steady-

state net flux (vi).

vfi ¼ ti þmaxðvi; 0Þ ðEq10Þ

vri ¼ ti �minðvi; 0Þ ðEq11Þ

Iso2flux uses the Elementary Metabolite Unit (EMU) framework[1] to build the 13C propa-

gation model. This framework is based on a highly efficient decomposition method that identi-

fies the minimum amount of isotopologue transitions required to simulate the experimentally

quantified isotopologues according to the defined carbon propagation rules. The isotopologue

transitions are grouped into decoupled systems based on isotopologue size. Balance equations

are built around each isotopologue fraction under the assumption of isotopic steady state (S1

Fig). Using the steady-state flux distribution as an input, systems of equations around isotopo-

logues balances are solved sequentially starting with the smallest isotopologue size [1] using

the fsolve function of the SciPy library (https://scipy.org/scipylib/index.html). Solving such

system predicts the isotopologue distribution associated with a given steady-state flux distribu-

tion (Yj(v)).
The self-adaptive differential evolution (SADE) algorithm from PyGMO (Python Parallel

Global Multiobjective Optimizer, https://github.com/esa/pagmo2) was used to find the opti-

mal solution of the 13C MFA (Eq 1) and p13CMFA (Eq 2) problems. SADE was parallelized

using the generalized island-model paradigm. Under such implementation, SADE is run in

parallel in different CPU processes (islands). After a given number of SADE iterations (genera-

tions), the best solutions (individuals) in each SADE process (island) are shared to parallel

SADE processes (migrate to adjacent islands). To prevent bias from the starting solutions

(starting populations), the islands are seeded through random sampling of all variables. Free

fluxes variables are sampled using the optGpSampler implemented into COBRApy[42,43].

Turnover variables are sampled using the random.uniform function built into python. The

algorithm was run with 7 islands, each with a population of 60, and with migrations between

islands set to occur every 400 generations. For the analyzed 13C MFA and p13CMFA problems,

repeated iterations of the algorithm were shown to reliably converge towards the same mini-

mal objective function value.

p13CMFA

PLOSComputational Biology | https://doi.org/10.1371/journal.pcbi.1007310 September 6, 2019 13 / 18



Accommodating large metabolite pools

At the beginning of a 13C experiment, all internal metabolites are unlabeled (m0). Progres-

sively, these products are enriched in 13C, with the subsequent decrease in m0. Isotopic steady

state is quickly reached for small pools of metabolites but not necessarily for larger pools such

as those of fatty acids, glycogen or metabolites present in large concentrations in the external

medium[44]. For these larger pools, unlabeled isotopologues m0 are oversized and might not

quickly decrease to the theoretical value that should be reached at steady-state.

However, it is possible to represent the effect of large pools in the framework of steady-state
13C MFA through the addition of a virtual reaction. This reaction replaces labeled isotopolo-

gues by unlabeled isotopologues in metabolites with large pools. With p13CMFA, the flux

through this virtual reaction can be minimized. Effectively, this allows correcting steady-state
13C simulations for large pools while identifying the solutions that require the minimum

amount of correction.

Evaluating the significance of the difference between correlation
coefficients

The statistical significance of the difference between correlation coefficients was evaluated

using the Fisher r-to-z transformation[33]. Following this approach, Pearson’s correlation

coefficients (r) can be converted to a z-score (r’):

r0 ¼ 1

2
� Ln 1þ r

1� r

� �
ðEq12Þ

The variance of z (Sz) will depend only on the sample size (n):

Sz ¼
ffiffiffiffiffiffiffiffiffiffiffi
1

n� 3

r
ðEq13Þ

From Eq 12 and Eq 13, the significance of the difference between two correlation coeffi-

cients (r1 and r2) can be evaluated by computing the z score corresponding to such difference

(Eq 14) and its associated p-value.

Z ¼ r01 � r02ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

nr1�3
þ 1

nr2�3

q ðEq14Þ

Experimental methods

Human Umbilical Vein Endothelial Cells (HUVECs-pooled, Lonza) were maintained on 1%

gelatin-coated flasks at 37˚C in a humidified atmosphere of 5% CO2 and 95% air in MCDB131

(Gibco) medium, supplemented with the recommended quantity of endothelial growth

medium (EGM) SingleQuots (Lonza), 10% fetal bovine serum (FBS) (Gibco), 2 mM glutamine

(Gibco) and 0.1% Streptomycin (100 μg/mL)/Penicillin (100 units/mL) (S/P) (Gibco). 1 × 106

HUVECs were seeded in 1% gelatin-coated cell culture plates for 6h, and then the maintenance

medium was replaced with the MCDB131 basal medium, supplemented with 2% FBS, 2 mM

glutamine and 0.1% S/P and cells were incubated overnight for nutrient deprivation. After

nutrient deprivation, the medium was replaced with a restricted medium containing

MCDB131 medium supplemented with 2% FBS, 2 mM glutamine and 0.1% S/P with 10 mM

of 50% [1,2-13C2]-glucose (Sigma-Aldrich) and cells were incubated for 40h in a humidified

atmosphere with 5% CO2 and 1% O2 at 37˚C. Both at the beginning (t = 0h) and the end

(t = 40h) of incubation, media and pellets were collected. On the one hand, media and cell
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pellets were used for analyzing isotopologue abundances for glucose, lactate, glutamate, RNA

ribose and glycogen. Raw data are publicly available in the MetaboLights repository at http://

www.ebi.ac.uk/metabolights [31], with accession number MTBLS412. Isolation, derivatization

and analysis details are described in MetaboLights. Glucose, lactate, glutamate, and glutamine

concentrations were determined in media samples for estimation of secretion or uptake rates

of these metabolites using spectrophotometric methods[45]. Also, the net rate of glycogen re-

utilization into glucose was estimated by quantifying glycogen content at initial and final

time points using [U-13C-D7]-glucose as recovery standard[46]. All biochemical data were

normalized by cell number, and by incubation time (h). The resulting rates–expressed in

micromoles of metabolite consumed/produced/transformed per hour per million cells

(μmol�h-1�million-cells-1)–were 0.463, 0.099, 0.050 and 1.169 for glucose uptake, glutamine

uptake, glutamate secretion, and lactate secretion, respectively, and a net transformation of

glycogen of 0.000175.

Supporting information
S1 Fig. Example of isotopologue balance equations in a toy metabolic network. In this toy

metabolic network, two mono-carbon metabolites (Ca and Cb) are condensed into a bi-carbon

metabolite (Ca-Cb) through a reaction with a flux v1. Metabolite Ca-Cb is removed from the

system at a rate of v2. For each metabolite, isotopologue fractions (Mx) are defined as the rela-

tive abundance of the metabolite with x number of 13C substitutions. Isotopologue balances

for metabolite Ca-Cb are indicated. Under the assumption of isotopic steady state (i.e., isotopo-

logue fractions are constant in time) and given v1 and v2, and a set of isotopologue fractions

for Ca and Cb (assumed a constant input), the system can be solved to identify the steady-state

isotopologue fractions for metabolite Ca-Cb.

(TIF)

S1 Table. Flux spectrum, GIMME, 13C MFA and p13CMFA flux solutions for all net reac-

tion fluxes in the HUVECs case study. Fluxes are expressed in μmol�h-1�million-cells-1.

(XLSX)

S2 Table. Comparison between the reference flux map in HCT 116 cells and the flux maps

computed from the partial data set using 13C MFA, pFBA, GIMME, and p13CMFA. Fluxes

are indicated in μmol�h-1�million-cells-1.

(XLSX)

S3 Table. Comparison between the reference flux map in HCT 116 cells and the flux maps

computed from the partial data set with p13CMFA using different gene expression percen-

tiles as thresholds for adding additional weight to flux minimization. Fluxes are indicated

in μmol�h-1�million-cells-1.

(XLSX)

S1 ZIP. Files describing the metabolic network, carbon propagation rules, and experimen-

tal data used for the HUVECs case study. The files are inputs for running p13CMFA on Iso2-

Flux.

(ZIP)

S2 ZIP. Files describing the metabolic network, carbon propagation rules, and experimen-

tal data used for the HCT 116 cells case study. The files are inputs for running p13CMFA on

Iso2Flux.

(ZIP)
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lism as new targets for novel designed therapies. Future Med Chem. 2014; 6: 1791–1810. https://doi.
org/10.4155/fmc.14.119 PMID: 25574531

35. Shlomi T, Berkman O, Ruppin E. Regulatory on/off minimization of metabolic flux changes after genetic
perturbations. Proc Natl Acad Sci U S A. 2005; 102: 7695–700. https://doi.org/10.1073/pnas.
0406346102 PMID: 15897462

36. Segre D, Vitkup D, Church GM. Analysis of optimality in natural and perturbedmetabolic networks.
Proc Natl Acad Sci. 2002; 99: 15112–15117. https://doi.org/10.1073/pnas.232349399 PMID: 12415116

37. Brunk E, Sahoo S, Zielinski DC, Altunkaya A, Dräger A, Mih N, et al. Recon3D enables a three-dimen-
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1. Abstract:

Cancer stem cells (CSC) play a crucial role in cancer malignancy by supporting tumor growth, 

metastatic spread, and drug resistance. Initially, the concept of CSC was closely associated with 

Epithelial-Mesenchymal Transition (EMT) as the latter was assumed to be a necessary step to 

achieve a CSC phenotype. However, in the last years, evidence has begun to emerge that CSC 

can arise independently of EMT and that in a context-specific manner EMT can even reduce 

stemness. In this regard, the cell lines PC3M and PC3S, derived from the prostate cancer cell line 

PC3, have emerged as excellent models to study the complex relationship between EMT and 

CSCs in prostate cancer. In this dual model, PC3M have both an epithelial-like and CSC 

phenotype whereas PC3S have a non-CSC and mesenchymal phenotype. Even more, inducing 

EMT in PC3M significantly attenuates its CSC phenotype suggesting that it is partially associated 

with an epithelial-like gene expression program. With the aim to analyze the complex interplay 

between EMT and stemness in prostate cancer and identify its molecular drivers, here we use 

next-generation sequencing to characterize the transcriptome of PC3M, PC3S, and a PC3M 

derived cell line overexpressing the EMT factor Snai1. We determine that the CSC gene 

expression program of PC3M is likely supported by a partial EMT phenotype mediated by a 
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complex balance between pro-EMT and anti-EMT factors. We also identify several putative 

drivers of the CSC phenotype that are suppressed by a complete EMT such as TSPAN8, REG4 or 

VEGFC. Finally, we integrate the quantified transcriptome in the framework of a genome-scale 

reconstruction of human metabolism in order to characterize the metabolic drivers underlying 

CSC and its relationship with EMT. We observe that the CSC metabolic gene expression program 

is largely disassociated from EMT status as it is not significantly inhibited by SNAI overexpression. 

Nevertheless, we identify several putative metabolic targets which can induce a metabolic 

reprogramming from a CSC-like to a non-CSC metabolic phenotype such as MTHFD2 and PYCR1. 

Together, the work here presented provides a greater understanding of the CSC phenotype in 

prostate cancer and paves the way for developing therapies to target it selectively.  

2. Introduction 

With an estimated 1.3 million new cases diagnosed in 2018, prostate cancer is the second most 

frequent cancer type in men1. If prostate cancer is treated at an early stage, while it still localized 

to the prostate, the prognosis is good. However, once it progresses to the metastatic stage and 

spreads to other tissues and organs, patients have a median life expectancy of only three years2.  

It is widely accepted that in prostate cancer, and indeed most cancer types, both metastatic 

potential, and the acquisition of resistance to therapeutic interventions (such as androgen 

deprivation, chemotherapy or radiotherapy) are heavily associated to a small population of 

cancer stem cells (CSC) found within the bulk of the tumor. CSCs are characterized by a high 

proliferative and self-renewal potential, and the capacity to autonomously establish tumors3,4. 

Furthermore, CSCs can survive most therapeutic interventions and repopulate the tumor, hence 

leading to a relapse5–8. Thus, acquiring a better understanding of the molecular drivers of the 

CSC phenotype and developing therapeutic strategies aimed at disrupting it is of paramount 

importance to prevent both metastatic spread and disease recurrence. 

It was originally believed that the acquisition of CSC phenotype required a complete Epithelial-

mesenchymal transition (EMT)9–11. EMT involves the loss of cell to cell adhesion, a shift from 

apical-basal to front-rear polarity, and results on increased motility, invasiveness and drug 

resistance12,13.  As such, EMT has traditionally been considered a hallmark of cancer 

progression14. However, it is now beginning to emerge that the CSC phenotype can be acquired 

independently of EMT15,16. Indeed EMT has been reported to inhibit CSC traits such as 

metastatic, tumorigenic and proliferative potential15,17–19. For such reason, it has been suggested 

that cancer progression, and in particular the CSC phenotype, often involves a partial or 

intermediate EMT where expression of mesenchymal and epithelial markers coexist12,13,20,21. 
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In this context, the PC3M and PC3S cell lines have emerged as models to study the features of 

prostate CSCs and their complex interplay with EMT15,22–24. Such cell lines were derived by single-

cell cloning from the PC3 cell line, a cell line of metastatic and androgen-independent prostate 

adenocarcinoma15. PC3M are a model of EMT-independent CSCs as they are characterized by an 

epithelial-like and CSC-like phenotype with high proliferation rate, and high capacity to form 

spheroids in vitro and establish tumors and metastasis in vivo. Conversely, while PC3S have a 

mesenchymal-like phenotype and significantly reduced proliferative and tumorigenic potential, 

they have enhanced motility and local invasiveness compared to PC3M15. Even more, inducing 

EMT in PC3M was shown to significantly attenuate its CSC phenotype. In this context, 

overexpressing EMT factors, such as murine Snai1, in PC3M was shown to reduce proliferation 

rate, anchorage-independent growth and tumorigenic potential15.  

Additionally, PC3M and PC3S can also be used as models to characterize the metabolic 

phenotype underlying prostate CSCs. PC3M are characterized by a more active Warburg effect, 

glutaminolysis, β-oxidation, and one-carbon metabolism than PC3S23,24. Furthermore, PC3M also 

display higher metabolic plasticity as shown by the capacity to adapt to varying substrate 

availabilities23. The latter is recognized as a CSC metabolic feature, which endows CSC with the 

capacity to adapt to a variable tumor microenvironment and colonize tissues with distinct 

substrate availabilities3,25. Nevertheless, targeting the metabolism of CSC, directly or indirectly, 

has proven to be an effective strategy to reduce stemness and viability in PC3M and other 

prostate CSCs models5,22–24.  

In this regard, Genome-Scale Metabolic Models (GSMMs), mathematical representations of the 

entire reaction complement in humans, have emerged as platforms where multi-omics data sets 

can be integrated to characterize the metabolic phenotype at a genome-scale26,27. Indeed, such 

an approach has been used to characterize the differential fatty acid metabolism in the PC3M-

PC3S cellular models24. Additionally, with the development of new algorithms such as rMTA 

(robust metabolic transformation algorithm)28, GSMM can now be used to identify the most 

efficient therapeutic interventions to induce a transition between two distinct metabolic states. 

This has paved the way to allow identifying metabolic targets that can selectively rewire the 

metabolic phenotype underlying CSC to a non-CSC metabolic phenotype. 

Here, we use RNA sequencing to characterize PC3M, PC3S, and a PC3M derived cell line 

overexpressing the EMT factor Snai1 (PC3M-Snai1) at a genome-scale and analyze the complex 

relationship between EMT-status, metabolic reprogramming and the CSC phenotype in prostate 

cancer. Such analysis reveals that PC3M likely display a partial-EMT phenotype characterized by 
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expression of both mesenchymal and epithelial markers and that inducing full EMT through 

Snai1 overexpression partially reverts the CSC gene expression programs. In this context, we 

identify several putative drivers of the CSC phenotype that are suppressed by a complete EMT 

such as TSPAN8, REG4 or VEGFC. Using an enhanced version of rMTA, termed r2MTA, we 

characterize the metabolic drivers underlying CSC and its relationship with EMT. Remarkably, 

the metabolic gene expression program was mostly independent of partial-EMT status as most 

metabolic features were not reverted to the non-CSC phenotype upon Snai1 overexpression. 

Nevertheless, we identified putative metabolic targets that can revert the CSC metabolic 

phenotype to a non-CSC phenotype such as MTHFD2 and PYCR1. We hypothesize that combining 

metabolic inhibitors against the identified targets with inhibitors targeting the partial-EMT 

associated CSC-drivers could be a highly effective therapy against the CSC population in 

androgen-independent prostate cancer.  

3. Results

3.1. Overexpressing Snai1 partially reverts the PC3M gene expression program 

Previous studies revealed that inducing EMT through overexpression of Snai1 largely inhibited 

the CSC-like phenotype of PC3M15,23. To characterize the effect of Snai1 overexpression in the 

gene expression program of PC3M, RNA-Seq was used to analyze the transcriptome of the 

PC3M, PC3S, and PC3M-Snai1 cell lines and identify differentially expressed genes. Likewise, 

Gene Set Enrichment Analysis (GSEA) was used to identify sets of functionally related genes 

differentially expressed across conditions29.  

Compared to PC3S, the PC3M cell line had a strong upregulation of gene sets (GSs) associated 

to MYC (i.e., “Hallmark: Myc Targets” and “Oncogenic signature: MYC overexpression”) and 

MTORC1 signaling (i.e., “Hallmark: MTORC1 signaling” and “Oncogenic signature:MTORC1”). As 

both MYC and MTORC1 promote cell proliferation, motility and chemoresistance, they have 

been extensively associated with the CSC phenotype30–34. Consistent with well-known effects of 

both MYC and MTORC1 overactivation35–37, PC3M displayed significantly upregulated GSs 

associated to gene expression machinery such as RNA processing and transport (e.g., “GO: RNA 

splicing” and “KEGG: RNA transport”), ribosome biogenesis (e.g., “GO: ribosome biogenesis”) 

and mitochondrial gene expression machinery (e.g., “GO: mitochondrial gene expression”).  

Interestingly, while globally PC3M-Snai1 were still remarkably similar to PC3M at the gene 

expression level (Figure 1), Snai1 overexpression partially downregulated most of the GSs 

upregulated in PC3M compared to PC3S, hence bringing PC3M phenotypically closer to PC3S. Of 
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the 119 GSs significantly (FDR<0.05) downregulated in PC3S compared to PC3M, overexpressing 

Snai1 in PC3M significantly (FDR<0.05) downregulated 33 GSs (Figure 2A). Such number 

increased to 71 GSs if less significantly enriched sets were also considered (FDR<0.25 for PC3M-

Snai1 vs PC3M).  

The GSs significantly downregulated by Snai1 overexpression included the GSs associated with 

MYC and MTORC1. While both MYC and MTORC1 are primarily regulated at the 

posttranscriptional level38,39, there is also strong evidence that they also are upregulated at the 

transcript level in PC3M compared to PC3S. MYC was strongly overexpressed in PC3M, while 

several MTORC1 components were also differentially expressed (Figure 3A). Namely, MLST8, an 

activator of mTOR, was strongly overexpressed, whereas the inhibitor AKTLS1 was strongly 

downregulated in PC3M. To a lesser extent, mTORC1 inhibitors TSC1 and TSC2 were also 

downregulated in PC3M. Interestingly, MTORC inhibitor DEPTOR was also upregulated in PC3M. 

However, it is worth noting that DEPTOR has been described as a putative  pluripotency factor40 

and to promote proliferation and inhibit apoptosis in a context-dependent manner41. 

Conversely, Snai1 overexpression appeared to primarily downregulate MYC and MTORC1 

signaling at the posttranscriptional level as there were only small variations in the abundance of 

the transcripts of MYC and the MTORC components(Figure 3A). 

Additionally, PC3M displayed a downregulated GSs associated to type I interferon response 

compared to PC3S, likely enabling them to escape immune detection42 (Figure 2B, Text S1). We 

posit that downregulation of type I interferon signaling might be a key part of the metastatic 

and CSC phenotype, facilitating the immune escape of such population. Interestingly, a pilot 

study in prostate cancer where chemotherapy was co-administered with interferon‑α obtained 

mixed results and no statistically significant improvement in overall survival43.The fact that the 

CSC subpopulation, which is inherently more resistant to chemotherapy, might also have 

increased resistance to interferon signaling might partially account for this outcome. 

Nevertheless, a downregulated type I interferon can also open new therapeutic opportunities 

against a PC3M-like CSC. Namely, owing to the antiviral role of type I interferons, such CSC 

population could potentially be more vulnerable to oncolytic virus-based 

therapies44.Remarkably, type I interferon signaling was not restored by overexpressing Snai1, 

suggesting that it is not linked to EMT. 
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B: Principal component analysis 

A: Distance Matrix 

Figure 1 Similarity between PC3M, PC3M-Snai1, PC3S at the transcriptomic level. A Euclidian 

distance matrix between PC3M, PC3M-Snai1 and PC3S samples. B: Principal component 

analysis of PC3M, PC3M-Snai1 and PC3S samples.  
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Figure 2. A: Gene set enrichment scores for the GSs significantly (FDR<0.05) 

upregulated/downregulated in PC3S compared to PC3M which significantly change in the 

same direction when Snai1 is overexpressed in PC3M. B: Gene set enrichment scores for GSs 

associated to type I interferon (NS: not significant, FDR>0.05)  
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3.2. PC3M display partial EMT modulated by SNAI1, SNAI2, KLF4, PRKD1 and LATS2 

As previously reported, PC3M displayed a more epithelial phenotype and had less motility than 

PC3S15. Accordingly, PC3M had downregulated GSs associated with the EMT and cellular 

migration (“Hallmark: Epithelial-Mesenchymal Transition” and “GO: positive regulation of cell 

migration”) compared to PC3S. As expected, overexpressing Snai1 upregulated the GSs 

associated with EMT and cell migration (Figure 2A). 

In this regard, PC3M strongly overexpress several epithelial markers such as E-cadherin (CDH1), 

Claudin1 (CLDN1) and Epithelial Cell Adhesion Molecule (EPCAM) while they strongly 

underexpressed several mesenchymal markers such as Fibronectin 1 (FN1) and Secreted Protein 

Acidic And Cysteine Rich (SPARC) compared to PC3S. However, PC3M also displayed a strong 

expression of many mesenchymal markers, such as Vimentin (VIM) or N-cadherin (CHD2). In this 

regard, the simultaneous expression of epithelial and mesenchymal markers in the PC3M 

subpopulation is the definition of partial-EMT13. Supporting the notion of partial EMT, PC3M also 

had a strong expression of EMT transcription factors such as SNAI1, SNAI2, and TWIST1(Figure 

3B).  

Increasing the dosage of SNAI1 through Snai1 overexpression (PC3M-Snai1) resulted in an 

increased EMT as seen by a strong downregulation of the transcription of epithelial markers (i.e., 

CDH1, CLDN1, EPCAM) and a strong upregulation of mesenchymal markers (i.e., FN1, SPARC) 

consistent with previous works15. This suggests that the partial EMT underlying the PC3M 

phenotype is mediated by a delicate balance between pro-EMT factors (such as SNAI1) and anti-

EMT factors and that increasing the dosage of the former tilts the scale in favor of EMT.  

Krüppel-like factor 4 (KLF4) is a transcription factor associated with pluripotency, which can 

either promote EMT or inhibit EMT in a context-dependent manner45. Remarkably, KLF4 can act 

Figure 3 Transcript levels of A: MYC, and MTORC1 components. B: Expression of epithelial 

and mesenchymal biomarkers, EMT transcription factors and EMT regulators. C: Top EMT 

associated genes overexpressed in PC3M. D: Expression of genes associated to VEGFC/NRP2 

signaling E: Metabolic genes identified as putative targets against CSC metabolism with 

r2MTA. Expression levels are indicated as FPKM (Fragments Per Kilobase of transcript per 

Million mapped reads) in a Log2 scale. a,b and c denote a statistically significant difference 

(FDR<0.05) between PC3M and PC3S, PC3M and PC3M-Snai1 and PC3M-Snai1 and PC3S, 

respectively.  
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as a direct transcriptional activator of epithelial genes, such as CDH1, and a repressor of both 

mesenchymal markers46–48and EMT transcription factors such as SNAI1 and SNAI249–51. 

Furthermore, KLF4 transcription is repressed by SNAI1 and SNAI249,52 and hence KLF4 is 

downregulated in SNAI1/SNAI2 induced EMT. At the transcript level, KLF4 is strongly 

overexpressed in PC3M compared to PC3S and strongly downregulated upon Snai1 

overexpression (Figure 3B).  

Additionally, the activity of EMT factors, such as SNAI1, can also be regulated at the 

posttranslational level. In this regard, PRKD1 is a serine/threonine kinase that can lead to an 

inactive SNAI1/DNA complex53 or trigger SNAI1 nuclear export and ubiquitination in a context-

dependent manner54,55. Furthermore, PRKD1 can also inhibit EMT in a SNAI1-independent 

manner56,57 and has been termed “the gatekeeper of the epithelial phenotype”58. Conversely, 

SNAI1 activity is enhanced by the LATS2 kinase, which facilities SNAI1 retention in the nucleus59. 

Remarkably, PRKD1 was strongly upregulated in PC3M while LATS2 was strongly upregulated in 

PC3S and upon Snai1 overexpression (Figure 3C). 

We posit that high KLF4 and PRKD1 expression and low LATS2 expression serve as a 

counterweight to SNAI1 and SNAI2 activities in PC3M and play a crucial role in maintaining 

partial EMT and stemness. Indeed, the key role of KLF4 as a regulator of EMT in the PC3M/PC3S 

models was confirmed by the decreased expression of CDH1 and increased motility previously 

observed in PC3M upon KLF4 knockdown15.  

3.3. PC3M overexpress mesenchyme-associated genes associated with metastatic 

spread 

Associated with the partial EMT phenotype, PC3M also overexpressed several genes related to 

the mesenchymal phenotype (i.e., part of the GS “Hallmark: EMT”) compared to PC3S (Figure 

3C). Close inspection of such genes revealed that many of them were involved in adhesion, 

migration and the remodeling of the extracellular matrix. Furthermore, most of these genes 

have been associated with poor prognosis and, invasive and metastatic potential in a variety of 

cancer types (Box 1). We posit that high expression of such genes might confer PC3M the 

invasion, extravasation and intravasation capabilities necessary to be able to establish distant 

metastases autonomously and by targeting such genes, we might be able to reduce the 

tumorigenic and metastatic potential of PC3M significantly. Of such genes, COL1A2, ITGA5, 

SLC6A8, and MMP1 were upregulated upon Snai1 overexpression, suggesting that they are at 

least partially controlled by SNA1. Remarkably, TPM4, VEGFC, and COL5A2 were significantly 
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downregulated by increased Snai1 dosage, indicating that they are not directly regulated by such 

EMT factor.  

BOX1: Cancer-associated mesenchymal genes overexpressed in PC3M 

COL1A2 (collagen, type I, alpha 2). It is associated with poor prognosis and metastatic potential 
in lung, breast, prostate, colorectal, uterus, ovary60 and gastric cancer61. COL1A2 is also 
overexpressed in metastatic and androgen-independent prostate cancer62. Furthermore, 
silencing of COL1A2 in gastric cancer cell lines induced apoptosis and inhibited proliferation and 
invasion in vitro63.   

SERPINE2 (serpin peptidase inhibitor, clade E member 2). It is a serine protease inhibitor known 
to modulate a large number of biological processes64. It has been associated with poor prognosis 
and invasive and metastatic potential in medulloblastoma65, endometrial cancer66, gastric 
cancer67, pancreatic cancer68, melanoma69 and colorectal cancer70. Additionally, in 
osteosarcoma it has been associated with drug resistance71. 

GJA1 (gap junction protein, alpha 1). A member of the connexin family,  proteins that assemble 
into gap junctions. GJA1 is often overexpressed in metastatic cancer cell populations compared 
to primary tumor populations72. Its activity has been found to enhance cell migration and/or 
extravasation in breast cancer73, glioma74, melanoma73, cervical cancer75 and prostate 
cancer76,77.  

ITGA5 (integrin, alpha 5 ). ITGA5 has been associated with poor prognosis in non-small-cell lung 
cancer 78, ovarian cancer79,80, breast cancer81 and hepatocellular carcinoma82. Targeting ITGA5 
has been found to reduce the formation of metastasis in vivo in ovarian79 and breast cancer81.  
Likewise, ITGA5 silencing reduced the viability and invasiveness of  glioblastoma cell lines83.  

MEST (mesoderm specific transcript): MEST is an imprinted gene, expressed only from the 
paternal allele, that is reported to promote neuronal migration84. MEST imprinting is frequently 
lost in breast and lung cancer85,86.  

MP1 (Matrix metallopeptidase 1). It has been associated with poor prognosis in breast 87, lung88 
and colorectal cancer89. In colorectal cancer cell lines, invasive potential was associated with 
MMP1 expression90. In an osteosarcoma cell line, overexpression of MMP1 increased 
proliferation rate and invasiveness as well as the expression of stem cell marker Pax-791.  

SLC6A8(Solute Carrier Family 6 Member 8). It is a phosphocreatine transporter that has been 
found to be upregulated in colorectal cancer patients with p53 mutations and poor prognosis92. 
Likewise, in colorectal cancer, it has been suggested to promote liver metastasis by allowing the 
usage of phosphocreatine to fuel ATP production in hypoxia93.   

VEGFC(Vascular Endothelial Growth Factor C). A signaling protein which acts both on the tumor 
microenvironment and tumor cells(Wang and Tsai 2015). 

COL5A (Collagen Type V Alpha 1 Chain). It is associated with poor prognosis in bladder94 and 
ovarian cancer95.  
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3.4. VEGFC/NRP2 signaling: a potential driver of the CSC phenotype in PC3M 

VEGFC is one of the mesenchymal-associated genes overexpressed in PC3M and its expression 

has been reported to be activated by KLF496. Even more, VEGFC signaling through the Neuropilin 

2(NRP2) receptor has been associated with the CSC phenotype in breast97–99 and prostate 

cancer100,101. Upon VEGFC binding, NRP2 can interact laterally with ITGA5, ITGA6 or ITGB1 and 

activate FAK (focal adhesion kinase) signaling98,102,103. VEGFC/NRP2-dependent FAK-mediated 

signaling has been reported to activate the TAZ99 and BMI198,100 stemness transcription factors. 

Similarly, VEGFC/NRP2 has also been reported to activate mTORC1 in a FAK-dependent 

manner100. 

In our cell lines of study the VEGFC, NRP2, TAZ, and BMI1 gene expression patterns appear to 

be correlated with stemness (PC3M>PC3M-Snai1>PC3S) (Figure 3D). Additionally, even if FAK 

expression is downregulated in PC3M compared to PC3M-Snai1 and PC3S, it is nevertheless 

highly expressed in all subpopulations. Furthermore, integrins know to interact laterally with 

NRP2 are also highly expressed across the models of study. Therefore, we theorize that the 

VEGFC/NRP2 signaling cascade might play a key role in maintaining the CSC-like phenotype in 

the PC3M cell line. 

In addition to the autocrine activity, VEGFC can also act on lymphatic endothelial cells where it 

promotes lymphangiogenesis and decreases the expression of endothelial-specific cadherin 

facilitating trans-endothelial migrations of cancer cells into the lymph vessels104. Accordingly, 

VEGFC expression in tumors enhances metastases to lymph nodes104–107. Indeed, a defining 

feature of PC3M compared to PC3S is their increased capacity to metastasize to lymph nodes in 

immunosuppressed mice15.  

3.5. Identifying key players of the CSC phenotype associated with partial-EMT 

Given that Snai1 overexpression attenuates significant aspects of the PC3M phenotype, we posit 

that key players of the CSC phenotype can be identified in the subset of genes strongly 

downregulated (Log2 Fold Change <1.5) both in PC3S and PC3M-Snai1 compared to PC3M. A 

total of 45 genes were found matching these criteria and such number was further reduced to 

38 by excluding genes that are epithelial markers. Too further narrow the list of candidates, copy 

number variation (CNA) and survival analysis were used to select those genes that were more 

frequently amplified in prostate cancer and whose amplification or mutation correlated with 

poor clinical prognosis. Overall, 9 potential candidates were identified (Figure 4, Figure S1,Box 

2). 



13 

Most of such genes have been extensively associated with features of CSC such as metastatic 

and invasive potential, cell proliferation, apoptosis or drug resistance. Indeed, both REG4 and 

TSPAN8 have been shown to promote AKT-mediated signaling108–112 and could partially account 

for the increased activity of MYC and MTORC1, downstream targets of AKT, inferred from GSEA. 

Additionally, it is worth noting that both ABCA3 and TSPAN8 have been associated with exosome 

release. Even more, TSPAN8-expressing were exosomes reported to enhance metastatic 

potential and CSC properties of the recipient cancer cells113,114. Likewise, SIDT1 allows the 

contact-dependent transfer of small RNA between cells, and this has shown to allow the 

propagation of miRNA conferring chemoresistance115. Hence, expression of ABCA3, TSPAN8 and 

SIDT1 might confer a small population of PC3M-like CSC the capacity to enhance the malignancy 

of the bulk of the tumor population115. 

We hypothesize that expression of such genes is linked to partial-EMT status and accounts for 

the loss of CSC phenotype upon Snai1 overexpression. Remarkably, in colorectal cancer, TSPAN8 

activity has been both reported to require the formation of a complex with proteins associated 

with the epithelial phenotype (i.e., EpCAM, Claudin 7 and CD44v6)116 and to be inhibited by E-

cadherin117. Hence, TSPAN8 activity could be mostly dependent on maintaining a partial-EMT 

gene expression program.  

Finally, although it is not clear the role, if any, that CR2 might play in prostate cancer, differential 

CR2 expression could still potentially be used to selectively target the PC3M subpopulation 

through liposome-mediated drug delivery118. 
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Figure 4 Key players of the CSC phenotype associated to partial EMT. Such genes are 

downregulated in PC3S vs PC3M, downregulated upon Snai1 overexpression and are 

characterized by being frequently amplified in prostate cancer with such alterations 

associated to poor prognosis. As a reference, a Kaplan-Meier plot for alterations in one 

or more of the putative targets are provided. Plots for individual targets can be found on 

figure S1.  
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REG4 is a secretory protein member of the calcium dependent lectin 

family. Prognosis: Overexpression of REG4 and high REG4 levels in serum have been associated 

to poor prognosis and metastatic potential in colorectal cancer 

Box 2: Putative drivers of the CSC phenotype associated with EMT 

PRR15 (Proline-Rich Protein 15). Silencing PRR15 has been shown to reduce proliferation, 
viability, and invasion in trophoblast cell lines119. Additionally, in colorectal cancer, PRR15 
expression has been found to correlate with primary tumor stage120.  

SCIN (Scinderin). SCIN is a regulator of actin organization. In gastric cancer, SCIN expression was 
associated with poor prognosis, and SCIN silencing reduced invasive and metastatic potential in 
vivo121. Silencing SCIN has also been found to reduce proliferation and increase apoptosis in 
prostate122,123, lung 124 and breast cancer125. The studies in prostate cancer, performed in PC3 
and DU145 cell lines, also indicated that silencing of SCIN decreased EGFR/MAPK signaling and 
inhibited tumorigenic potential in mice122. SCIN expression has also been linked to drug 
resistance in hepatocellular carcinoma126 and bladder cancer127.  

CR2 (Complement C3d Receptor 2). This receptor is primarily found in lymphocytes where it 
recognizes antigens bound to complement 2. It also functions as a receptor for Epstein-Barr 
virus, which can promote nasopharyngeal carcinoma128,129.  

SIDT1(SID1 Transmembrane Family Member 1). It is a transmembrane channel-like protein that 
mediates contact-dependent small RNA transfer between cells115, and uptake and intracellular 
transport of cholesterol130. It has been suggested to play a role in chemoresistance by allowing 
the contact-dependent transfer of a miRNA that enables chemoresistance between cells115. 
Furthermore, SDIT1 expression has been associated with poor prognosis in breast cancer115 and 
a SNIP in the SIDT1 gene has been associated with increased risk of prostate cancer131. 

ABCA3(ATP Binding Cassette Subfamily A Member 3). It enhances the transport of 
phosphatidylcholine and cholesterol to intracellular vesicles and promotes lysosomes formation 
and exosome release132–134. It has been shown to promote resistance to chemotherapy in 
leukemia and non-small cell lung cancer132,135–138. ABCA3 is believed to promote resistance by 
enhancing lysosomal drug sequestration and drug efflux132,138,139 

MYO15B(Myosin XVB) is frequently amplified in breast cancer cell lines and in the cell line MDA-
MB-453 has been identified as a fusion protein with MAP3K3140,141. 

TSPAN 8(Tetraspanin 8) is a transmembrane protein, found both in the cellular membrane and 
exosomes and can interact laterally with other membrane proteins including integrins and 
cadherins117,142. TSPAN 8 has been associated with poor prognosis or metastatic and invasive 
potential in colorectal cancer117, ovarian cancer143, melanoma111,112, pancreatic cancer113, 
glioma144,145, esophageal carcinoma146 and hepatocellular carcinoma147. Additionally, it is 
upregulated in prostate cancer cell lines that have acquired drug resistance148. In melanoma, 
TSPAN8 was found to be part of a positive feedback loop with β-catenin149 and increase AKT 
phosphorylation and invasive potential111,112. In glioma, TSPAN8 acts through FAK144 and 
mTORC2 increasing AKT and PKCα phosphorylation144,145.  Uptake of exosomes containing 
TSPAN8 by endothelial cells has been shown to promote angiogenesis150,151 
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Box 2: Putative drivers of the CSC phenotype associated with EMT (Continued) 

REG4(Regenerating Family Member 4). Is a secretory protein member of the calcium-dependent 
lectin family. Overexpression of REG4 and high REG4 levels in serum have been associated with 
poor prognosis and metastatic potential in colorectal cancer43,152,153, glioma154, gastric cancer155–

157, prostate cancer158, ovarian cancer159 and pancreatic cancer160. REG4 expression has also been 
associated with resistance to chemotherapy or radiotherapy in colorectal cancer161–163, 
pancreatic cancer164 and gastric cancer165,166. Additionally, in gastric cancer REG4 was found to 
be overexpressed in the CSC subpopulation, and CSC phenotype was significantly reduced upon 
REG4 silencing167. Likewise, in prostate cancer REG4 overexpression has been suggested as a 
potential marker of metastatic and androgen-independent tumors168. Concerning the 
mechanism of action, REG4 acts by activating tyrosine kinase receptors such as EGFR, IR, and 
IGFR108,109.The activation of such receptors by REG4 results on the activation of downstream 
signal transduction proteins (e.g. AKT, β-catenin, Jun or MAPK) resulting in increased cell 
proliferation, invasive capacity and increased apoptosis resistance108–110,159,165. 

TNEM45B(Transmembrane Protein 45B). It is a member of the transmembrane protein family. 
It has been reported to promote cell proliferation, invasion and migration, apoptosis resistance 
in gastric cancer, pancreatic cancer, lung cancer and osteosarcoma169–172. High expression of 
TMEM45B has been associated with poor prognosis in lung cancer172. Little is known of the 
mechanism of action of TNEM45B but it has been reported to activate the JAK2/STAT3169 and β-
Catenin pathway170. 

3.6. Metabolic reprogramming in the PC3M/PC3S/PC3M-Snai1 models 

Concerning metabolism, GSEA shows that several GSs associated to metabolism were 

upregulated in PC3M compared to PC3S, namely GSs associated to glycolysis (“KEGG: Glycolysis/ 

Gluconeogenesis”) and amino acid metabolism (e.g., “GO: cellular amino acid metabolic 

process” and “Kegg Biosynthesis of amino acids”). Furthermore, PC3M also displayed 

upregulated GSs associated with oxidative phosphorylation (e.g., “Hallmark: oxidative 

phosphorylation” and “GO: respiratory electron transport chain”) and transport of substances 

into, out of or within a mitochondrion (e.g., “GO: mitochondrial transport”). Remarkably, only 

the GSs “Hallmark: oxidative phosphorylation” and “GO: mitochondrial transport” were 

significantly downregulated upon Snai1 overexpression(Figure 5.A). 

However, GSEA can only offer a limited view of metabolic reprogramming as it does not explicitly 

consider the complex interdependencies of enzymes within a metabolic network that give rise 

to the metabolic phenotype. Such interdependencies can be studied using constraint-based 

modeling in the framework of GSMMs26,27. In that regard, we developed r2MTA, a constrained-

based algorithm that allows us to robustly characterize the metabolic transition between two 

conditions in the framework of GSMMs. Here, we integrated the RNA-SEQ data together with 
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previously published metabolomics data for PC3M and PC3S23 to characterize the metabolic 

differences between PC3S/PC3M and PC3M-Snai1/PC3M. 

Consistent with GSEA, most of the metabolic differences were identified only between the PC3M 

and PC3S cell lines. The main pathways of central carbon metabolism (i.e., glycolysis, pentose 

phosphate pathway, and tricarboxylic acid cycle) were strongly upregulated in PC3M compared 

to PC3S (Figure 5.B). Likewise, glutamate and proline metabolism were also strongly upregulated 

in PC3M. Furthermore, PC3M also displayed a highly upregulated folate metabolism fueled by 

cleavage of glycine and serine, with both glycine and serine uptake and de novo serine synthesis 

increasing in PC3M. Also consistent with GSEA, oxidative phosphorylation was also upregulated 

in PC3M. Interestingly, while PC3M overexpressed some nucleotide kinases (e.g., adenylate 

kinase 1 and adenylate kinase 3), they had less expression in some key nucleotide kinases activity 

(chiefly thymidine kinase 1) and ribonucleotide reductase enzymes (e.g.,  ribonucleotide 

reductase M2 B) resulting in less overall activity on the nucleotide interconversion subsystem.  

Remarkably, glutathione metabolism was strongly downregulated upon Snai1 overexpression. 

This is in line with a previously reported downregulation of glutathione metabolism induced by 

Snai1 overexpression173. Additionally, Snai1 overexpression also downregulated the cholesterol 

metabolism and upregulated nucleotide interconversion (chiefly by upregulating thymidine 

kinase 1 and ribonucleotide reductase M2) pathways bringing PC3M metabolite closer to PC3S. 

However, most of central carbon and amino acid metabolism was not significantly affected by 

Snai1 overexpression. We theorize that as Snai1 overexpression has been reported to promote 

glycolytic and tricarboxylic acid cycle activity174–176, it might contribute to masking the effects of 

decreased MYC and MTORC1 signaling on metabolism. 

Together, GSEA and r2MTA indicate that the metabolic gene expression program underlying the 

CSC-like PC3M metabolic phenotype was not strongly associated with partial-EMT. 



18 

Figure 5: A. GSEA scores for metabolic genes sets. Non-significant (FDR>0.05 scores) are 

denoted with NS. B. Top pathways upregulated or downregulated between PC3S and PC3S 

and PC3M and ,PC3M-Snai1 and PC3M. The sum of reaction flux variations as predicted by 

r2MTA are plotted. Positive values represent pathways upregulated in PC3S or PC3M-Snai1 

compared to PC3M while negative values represent pathways downregulated in PC3S or 

PC3M-Snai1 compared to PC3M.  
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3.7. Identifying metabolic targets against CSC metabolism 

Although the CSC metabolic phenotype was not reverted to a non-CSC state upon Snai1 

overexpression, with r2MTA we identified putative metabolic targets that can be inhibited to 

cause a metabolic shift from a PC3M-like metabolic phenotype to a PC3S-like phenotype. 

Following the approach of Valcárcel et al28, only putative targets strongly overexpressed in PC3M 

(fold change>2) were considered. As expected, the pathways upregulated in PC3M compared to 

PC3S were heavily enriched in putative targets to transform PC3M to PC3S (Table 1, Figure 3E). 

Namely, folate metabolism (MTHFD2 and GLDC), proline metabolism (PYCR1), glycolysis (PGK1, 

TPI1, PGAM1, GAPDH), oxidative phosphorylation (UQCRC2, UQCRFS1, ATP5B, glutamate 

metabolism (GLUD1) and nucleotide interconversion (AK3).  

Table 1: Top r2MTA targets to transform the PC3M metabolic phenotype to a PC3S-like metabolic 

phenotype.  

Gene Name Log2(MTA 
Score) 

MTHFD2 methylenetetrahydrofolate dehydrogenase (NADP+ dependent) 2; 
methenyltetrahydrofolate cyclohydrolase 

11.43 

PYCR1 pyrroline-5-carboxylate reductase 1 10.53 

PGK1 phosphoglycerate kinase 1 8.70 

TPI1 triosephosphate isomerase 1 8.68 

PGAM1 phosphoglycerate mutase 1 8.63 

GAPDH glyceraldehyde-3-phosphate dehydrogenase 8.56 

AK3 adenylate kinase 3 8.48 

DCXR dicarbonyl and L-xylulose reductase 7.82 

ALDOA aldolase; fructose-bisphosphate A 6.55 

GLDC glycine decarboxylase 6.23 

UQCRC2 ubiquinol-cytochrome c reductase core protein II 5.99 

UQCRFS1 ubiquinol-cytochrome c reductase; Rieske iron-sulfur polypeptide 1 5.99 

ATP5B ATP synthase; H+ transporting; mitochondrial F1 complex; beta 
polypeptide 

5.66 

DLST dihydrolipoamide S-succinyltransferase 5.23 

RDH5 retinol dehydrogenase 5 4.66 

PNP purine nucleoside phosphorylase 4.60 

PC pyruvate carboxylase 4.57 

GLUD1 glutamate dehydrogenase 1 4.37 

Interestingly, multiple targets were validated by the previous metabolic characterization of the 

PC3M model. Namely, oligomycin (an inhibitor of ATP synthase), BPTES (an inhibitor of 

glutaminase which is upstream of glutamate dehydrogenase in the glutaminolysis pathway) and 
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2-deoxyglucose(a glycolytic inhibitor) greatly reduced spheroid formation in PC3M23. 

Furthermore, both BPTES and 2-deoxyglucose reduced proliferation to a higher extent in PC3M 

than PC3S23. Even more, Metformin (reported to inhibit oxidative phosphorylation5), and 2-

deoxyglucose177 have been reported to increase the response to chemotherapy and 

radiotherapy, in prostate cancer.  

Concerning some of the other top-scoring targets, MTHFD2 expression is known to be induced 

by both MYC178 and MTORC1179 and correlates with poor prognosis in breast180, lung181, 

pancreatic182 and renal183 cancer. MTHFD2 is a key enzyme of the mitochondrial folate pathway 

which facilitates folate recycling and provides one-carbon units for purine and glycine 

synthesis180. In lung cancer, MTHFD2 was found to promote tumorigenesis and CSC-like 

properties by enhancing purine synthesis and by reducing the concentration of the purine 

metabolism intermediary 5-Aminoimidazole-4-carboxamide ribonucleotide, which can inhibit 

both cell proliferation and stemness181. Similarly, knockdown of MTHFD2 in acute myeloid 

leukemia cells decreased cellular proliferation and increased cell differentiation178. 

Regarding PYCR1, it is a mitochondrial enzyme that catalyzes the synthesis of proline from 1-

pyrroline-5-carboxylate184. PYCR1 expression is induced by MYC184 and correlates with poor 

prognosis in melanoma185 and non-small cell lung cancer186. PYCR1 expression has been 

associated with increased proliferation and apoptotic resistance in melanoma185, prostate 

cancer187 and non-small cell lung cancer186 cell lines and in vivo growth in breast cancer188. 

Remarkably, the effects of silencing PYCR1 in non-small cell lung cancer could not be mitigated 

through the addition of proline in the culture media186. In this regard, it has been suggested that 

PYCR1 might contribute to tumorigenesis by reducing the concentration of pyrroline-5-

carboxylate185,186, which is reported to inhibit proliferation and induce apoptosis189, and by 

regulating the mitochondria redox balance180,190. Interestingly, both MTHFD2 and PYCR1, have a 

low or absent expression in most adult healthy tissues, including proliferating cell types 

associated to the digestive and immune systems, suggesting that targeting either MTHFD2 or 

PYCR1 could have little off-target effects180.  

Remarkably, one of the predicted targets, GLDC, was strongly downregulated upon Snai1 

overexpression. This gene is part of the glycine cleavage system which generates one-carbon 

units for folate metabolism and it has been associated with tumorigenesis and pluripotency191–

193. Hence, even if folate metabolism might not be coordinately downregulated at the gene 

expression level as result of increased Snai1 dosage, it might be significantly reduced through 

the downregulation of GLDC.  
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3.8. CSCs are selectively vulnerable to antifolates 

Because folate metabolism was found to be strongly upregulated in PC3M compared to PC3S, 

and indeed two putative metabolic targets were identified in folate metabolism (i.e., MTHFD2 

and GLDC), we theorized that the PC3M population could be differentially vulnerable to 

antifolates. In this regard, we evaluated the potential therapeutic effects of methotrexate and 

pemetrexed, two FDA-approved antifolates194, on PC3M and PC3S(Figure 6).  Both drugs were 

shown to have stronger growth inhibitory effects on PC3M than PC3S. 

Figure 6. Effect of folate analogs methotrexate (MTX) and pemetrexed (PTX) on the proliferation 

of PC3M and PC3S cells. A: Effect of MTX on the cell proliferation of PC3M (solid circles) and 

PC3S (solid squares); and PTX on PC3M (open circles) and PC3S (open squares). Cell viability was 

assessed after 72 h incubation with either MTX or PTX (nM). Values represent mean ± SD of n=3. 

B: Comparison of the effect of MTX and PTX on PC3M. C: Comparison of the effect of MTX and 

PTX on PC3S. 

4. Conclusions

Previous works established that both EMT or lack of thereof and metabolic reprogramming 

might play a key role in the CSC phenotype of prostate cancer15,23,24,195. Hence, to selectively 

target CSC populations in prostate cancer, it is of paramount importance to gain a better 

understanding of the complex interplay between EMT, metabolic reprogramming and CSC traits. 

With this aim, we used next-generation sequencing to analyze the gene expression program of 

the PC3M,PC3S, and PC3M-SNAI1 cell lines. In such model, PC3M had both an epithelial-like and 

CSC phenotype, which could be inhibited through SNAI1 overexpression (PC3M-SNAI1), whereas 
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PC3S had a mesenchymal-like non-CSC phenotype. Hence, by analyzing the differential gene 

expression and metabolic reprogramming between the abovementioned cell lines, the complex 

molecular associations between metabolism, EMT and CSC can be unraveled.  

We determined that PC3M displayed a partial EMT phenotype and indeed overexpressed a 

significant number of mesenchymal associated genes compared to PC3S. Indeed, forcing a 

higher degree of EMT to PC3M through Snai1 overexpression partially reversed a significant 

number of the CSC-associated gene programs differentially expressed between the PC3M and 

PC3S cellular models. We posit that the balance between the anti-EMT (e.g., KLF4 and PRKD1) 

and pro-EMT factors (e.g., SNAI1, SNAI2, and LATS2) underlies the partial EMT phenotype in 

prostate cancer CSCs and that disrupting such balance can potentially be a valid therapeutic 

strategy.  

We also identified several genes associated with CSC traits (i.e., genes that promote 

proliferation, chemotherapy resistance or facilitate invasiveness and metastatic spread) that 

were downregulated upon Snai1 overexpression, and hence, likely associated to partial EMT. 

Such genes include secretory proteins with potential autocrine and paracrine roles (e.g., VEGFC 

and REG4), and surface proteins (e.g., ITGA5, NRP2, TMEM4B and TSPAN 8) potentially involved 

in signaling cascades that endow the PC3M cell line with CSC phenotype97,99,100,109,113,144,167,170,172. 

Blocking such secretory and surface proteins with antibodies could be an effective strategy 

against CSC populations. Additionally, as both VEGC/NERP2 and TSPAN 8 signaling is mediated 

through the FAK98,102,103,144, inhibiting FAK is also likely to be an effective strategy against the CSC 

population in prostate cancer. Indeed, inhibiting FAK has proven effective against CSC 

populations in both pancreatic and breast cancer196–198. Additionally, some of such genes are 

likely to be regulated directly or indirectly by KLF4, hence targeting this stem cell factor could 

also be a practical therapeutic approach96.  

Furthermore, we analyzed the metabolic reprogramming underlying the CSC phenotype at a 

genome-scale and identified that PC3M were endowed with a highly active central carbon 

metabolism, folate metabolism and glutamate and proline metabolism which likely supports 

their CSC-like phenotype. Globally, the metabolic gene expression program underlying CSC 

appeared to be mostly independent of partial EMT as it was not generally reverted by 

overexpressing Snai1. However, we identified several putative metabolic targets that could 

inhibit the CSC phenotype by targeting the underlying metabolic reprogramming. Two of the 

identified targets (i.e. MTHFD2 and GLDC) were activities of folate metabolism and were 

indirectly validated with methotrexate and pemetrexed, two antifolates that are already 
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approved for clinical use194.  Such drugs were shown to have selective growth inhibitory effect 

on PC3M suggesting that they could be used to selectively target PC3M-like CSC populations in 

prostate cancer.  

We posit that the partial-EMT associated genes and metabolic reprogramming identified in the 

PC3M-PC3S cellular model are two complementary components that lead to the emergence of 

a CSC-like phenotype in prostate cancer. Hence, we hypothesize that combining metabolic 

inhibitors against the identified targets (e.g., antifolates) with blocking antibodies or chemical 

inhibitors targeting the partial-EMT associated CSC-drivers could be a highly effective therapy 

against the CSC population in androgen-independent prostate cancer.  

5. Methods

5.1. Transcriptomics analysis 

5.1.1. RNA-Seq analysis 

RNA-Seq analysis was performed on the cell lines PC3M-SNAI1, PC3M and PC3S, with both PC3M 

and PC3S stably transfected with an empty pBABE vector15. PC3M and PC3S and PC3M-SNAI1 

cells were grown as a monolayer culture in RPMI-1640 medium supplemented with 2 mM L-

glutamine, 10% fetal bovine serum (FBS) and 0.1% streptomycin/penicillin, under standard 

culture conditions (humidified air with 5% CO2 at 37°C).  

RNA was purified using the RNeasy Mini Kit following the manufacturer instructions. Total RNA 

was assayed for quantity and quality using Qubit® RNA HS Assay (Life Technologies) and RNA 

6000 Nano Assay on a Bioanalyzer 2100. 

From total RNA the RNASeq libraries were prepared using the TruSeq™ RNA Sample Prep Kit v2 

(Illumina Inc.,) with minor modifications. Briefly, 0.5μg of total RNA was used as the input 

material for poly-A based mRNA enrichment with oligo-dT magnetic beads. After fragmentation 

the first and second strand cDNA were synthetized. The double stranded cDNA was end-

repaired, 3´adenylated and the 3´-“T” nucleotide of the adapter was used for the Illumina 

indexed adapters ligation. The ligation product was enriched by 15 cycles of PCR.  

Each library was sequenced using TruSeq SBS Kit v3-HS (Illumina, Inc), in paired-end mode with 

a read length of 2x76bp. Over 40 million paired-end reads for each sample were generated in a 

fraction of a sequencing lane on HiSeq2000 following the manufacturer’s protocol. Images 

analysis, base calling and quality scoring of the run were processed using the manufacturer’s 
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software Real Time Analysis (RTA 1.13.48, HCS 1.5.15.1) and followed by generation of FASTQ 

sequence files by CASAVA. 

Quality control was performed with FastQC 

(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). STAR(Spliced Transcripts 

Alignment to a Reference)199 was used to map to sequences to the GRCh37 assembly from 

Ensembl (Homo_sapiens.GRCh37.75.dna.primary_assembly.fa.gz ) and obtain the number of 

reads per gene. 

5.1.2. Differential expression analysis 

Gene differential expression analysis was performed using the DESeq2 (differential 

gene expression analysis based on the negative binomial distribution)200 package for R. To 

allow intergene comparisons, gene counts were converted to FPKM (Fragments Per 

Kilobase of transcript per Million mapped reads) using DESeq2 fpkm function.  

5.1.3. Gene set enrichment analysis (GSEA) 

GSEA was performed with the GAGE package for R200. The values for the Wald statistic computed 

by DESEQ2 for each gene were used as input for GAGE. This statistic depends on the fold change, 

variance and number of reads for each gene and hence it allows giving higher weight to 

increases or decreases in genes with low variance and a high number of reads200.  

A total of 2933 GS were evaluated to identify the gene expression programs significantly 

upregulated or downregulated between the PC3M and PC3S and PC3M-SNAI1 cellular models. 

They were obtained from gene ontology (GO) biological process annotations201, KEGG202  

pathways annotations, and the Molecular Signatures Database203. From the later, oncogenic 

signatures (i.e., genes that are upregulated when known oncogene are perturbed) and 

hallmarks sets (curated sets that represent a given phenotype or feature) were evaluated204.  

To evaluate the capacity of Snai1 overexpression to revert the PC3M phenotype, only the GSs 

significantly enriched in PC3M vs PC3S were tested.  

5.2. Copy number variation analysis  

Copy number variation and survival analysis of the genes of interest was evaluated using the 

cBioPortal for Cancer Genomics205. Copy number variation was analyzed in 4018 prostate cancer 

samples. Survival analysis was performed on the subset of the aforementioned samples where 

patients progress had been tracked (i.e., 1121 patients).  

http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
ftp://ftp.ensembl.org/pub/release-75/fasta/homo_sapiens/dna/Homo_sapiens.GRCh37.75.dna.primary_assembly.fa.gz
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5.3. r2MTA 

r2MTA, an enhanced version of the previously published rMTA algorithm28, was developed and 

used to characterize the metabolic transition between PC3M and PC3S and PC3M and PC3M-

Snai1 at the genome-scale. Furthermore, r2MTA was also used to identify putative metabolic 

targets that could switch the PC3M (source state) metabolic phenotype to the PC3S (target 

state) phenotype thus leading to the loss of the metabolic phenotype associated to CSCs.  

r2MTA was run in the framework of a specific GSMM of the PC3M-PC3S cellular models using a 

starting flux distribution derived from a PC3M-specific GSMM reconstruction (See “GSMM 

reconstruction”). To model each transition (PC3M/PC3S and PC3M/PC3M-Snai1) a list of 

upregulated and downregulated reactions was provided as input (See Section “Determining 

upregulated and downregulated reactions”). 

5.3.1. Mapping gene expression to reactions 

Transcript abundances (expressed as FPKM) were mapped to Recon2.2206, a network of all 

known metabolic reactions in humans. Recon2.2 describes the association of metabolic 

reactions to genes though a set of Booleans expressions referred to as gene protein reaction 

(GPR) rules. Using the standard GPR notation, the Boolean operator AND is used to define 

enzymatic complexes, and the Boolean operator OR is used to describe isoenzymes207.  

To map transcripts abundances, first OR operators were replaced by “+” operators and AND 

operators by MIN() operators in the GPR expressions. Then, GPR expressions for each reaction 

were evaluated, replacing geneIDs by their respective transcript abundances. Under such 

system, a reaction catalyzed by multiple isoenzymes will have a gene expression value equal to 

the sum of the transcript abundances of the isoenzymes while reactions catalyzed by protein 

complexes will be mapped to the minimum transcript abundance of the complex’s components. 

5.3.2. GSMM reconstructions 

Previously published rates of metabolite uptake and secretion23 were integrated into Recon2.2 

as flux boundaries for exchange reactions with the extracellular media. Then, the average 

transcript abundances for PC3M and PC3S were mapped to reactions and integrated through 

the iMAT algorithm to build PC3M- and PC3S-specific genome-scale reconstructions208.  

iMAT maximizes both the number of highly expressed reactions active (i.e., carrying flux) and 

the number of lowly express reactions inactive (i.e. not carrying flux)208. A reaction was classified 

as highly expressed if it was associated to a gene expression level above the 80th percentile for 

metabolic genes and as lowly expressed if it was associated to a gene expression level below the 
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20th percentile for metabolic genes. Reactions were considered active if they had an absolute 

flux equal or greater than 0.01 pmol·cell-1·h-1. As there can be multiple iMAT optimal solutions, 

we systematically forced each highly/lowly expressed reaction to be inactive/active to identify 

those active/inactive reactions necessary for achieving the optimal iMAT solution.  

Furthermore, to constraint the maximum flux through reactions, the GIMME algorithm was 

applied to the resulting iMAT models. GIMME optimizes biomass production and then 

performs a second optimization where fluxes through reactions are minimized with a weight 

that is a function of the gene expression value mapped to each reaction209,210. In our analysis, 

the minimization weight (wi) of each reaction was defined as follows:  

𝑤𝑖 = 1 + max(𝑇ℎ − 𝑔𝑒𝑖 , 0) (1) 

where, 

𝑔𝑒𝑖 is the gene expression value mapped to reaction i 

𝑇ℎ is the gene expression threshold bellow which reactions are given additional minimization 

weight. In this analysis, it was set to the 80th percentile of the gene expression for metabolic 

genes.  

Following the GIM3E approach210, each flux was maximized and minimized to identify the 

ranges of feasible fluxes within the optimal GIMME solution with a tolerance of 99.95%. 

Finally, a consensus model for the PC3M-PC3S cell lines was constructed by combining the flux 

boundaries for both the PC3M and PC3S specific GSMMs as follows:  

𝑢𝑏𝑃𝐶3𝑀−𝑃𝐶3𝑆 = 𝑚𝑎𝑥(𝑢𝑏𝑃𝐶3𝑀, 𝑢𝑏𝑃𝐶3𝑆 , 0) (2) 

𝑙𝑏𝑃𝐶3𝑀−𝑃𝐶3𝑆 = 𝑚𝑖𝑛(𝑙𝑏𝑃𝐶3𝑀 , 𝑙𝑏𝑃𝐶3𝑆 , 0)(3) 

Where, 

𝑢𝑏𝑃𝐶3𝑀, 𝑢𝑏𝑃𝐶3𝑆, 𝑢𝑏𝑃𝐶3𝑀−𝑃𝐶3𝑆 are the upper flux boundaries for the PC3M-specific model, 

PC3S-specific model, and PC3M-PC3S consensus model, respectively.  

𝑙𝑏𝑃𝐶3𝑀, 𝑙𝑏𝑃𝐶3𝑆, 𝑙𝑏𝑃𝐶3𝑀−𝑃𝐶3𝑆are the lower flux boundaries for the PC3M-specific model, PC3S-

specific model, and PC3M-PC3S consensus model, respectively. 

5.3.3. Determining upregulated and downregulated reactions 

One of the inputs of r2MTA is a list of upregulated/downregulated reactions between the source 

state and target state computed from transcriptomics and metabolomics measurements. 
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Transcripts abundance (FPKM) for each replicate were mapped to reactions, and a T-test was 

used to determine statistical significance of the differences between reaction expression 

values  across conditions. Reactions were considered to be differentially expressed if they had 

a fold change equal or greater to 0.25 and an FDR<0.05. Additionally, reactions catalyzed by 

gene products associated with more than 10 reactions were excluded. 

Finally, the exchange reactions of metabolites produced/consumed at statically significantly 

different rates between the conditions of study23 were also added at the list of upregulated/

downregulated reactions.  

In total, 746 and 255 differentially expressed reactions were identified between PC3M and PC3S 

and PC3M and PC3M-Snai1, respectively. 

5.3.4. Reference flux distribution and ε 

Additionally, r2MTA also requires as input a reference flux distribution (Vref) for the source state, 

PC3M in the case of study, and ε, a vector describing the minimum variation to consider a 

reaction to be upregulated or downregulated211.  

The solution space of the PC3M-specific GSMM was sampled using the Artificially Centered hit-

and-run (ACHR) algorithm implemented into COBRA212,213. ACHR was run with a thinning factor 

of 10000. In total, 250 flux samples were obtained.  

Vref
 was defined as the average of the 250 samples for each reaction flux. ε was defined as half 

the width of the 99.9 % confidence interval for the mean of each flux. 

5.3.5. Predicting inactive reaction as a result of a gene KO 

To simulate the effect of gene KOs, gene expression was mapped to reactions with the 

expression of the target gene set to 0. Any reaction with its mapped gene expression value  

reduced 10th fold or more compared to the wild type was assumed to be inactive as the 

consequence of the gene KO. The reactions identified as inactive were then constrained to a flux 

value of 0.  

5.3.6. Formulation r2MTA 

r2MTA and rMTA are based on the MTA (Metabolic transformation algorithm)211. MTA is built 

around a quadratic Mixed-Integer Quadratic Programming (MIQP) problem with two 

components. In the original MTA formulation, the quadratic component (QP) consisted of 

minimizing the variation between the initial and final state in reactions not differentially 
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expressed. The mixed linear integer programming (MILP) component maximized the number of 

upregulated/downregulated reactions with fluxes increases/decreases of at least a value of ε. 

The weight of the two components is defined by a parameter α211. By solving this problem with 

parts of the network blocked to simulate gene KOs, the best targets to switch from the source 

state to the target state are identified. In the original MTA implementation, gene KOs were then 

ranked based on the following scoring function:  

TS𝑔 =
∑ |𝑣𝑖

𝑟𝑒𝑓 − 𝑣𝑖
𝑀𝑇𝐴| −𝑖∈𝑅𝑠𝑠𝑢𝑐𝑐𝑒𝑠 ∑ |𝑣𝑖

𝑟𝑒𝑓 − 𝑣𝑖
𝑀𝑇𝐴|𝑖∈𝑅𝑢𝑛𝑠𝑢𝑐𝑐𝑒𝑠𝑠

∑ |𝑣𝑖
𝑟𝑒𝑓 − 𝑣𝑖

𝑀𝑇𝐴|𝑖∈𝑅𝑠

(4) 

Where, 

TS is the MTA score for the KO of gene g. 

𝑣
𝑟𝑒𝑓

 is the reference flux distribution (flux distribution of the source state).

𝑣𝑀𝑇𝐴 is the flux distribution resulting from the MTA optimization with the KO of gene g.

𝑅𝑠𝑠𝑢𝑐𝑐𝑒𝑠 are the differentially expressed reactions that have changed in the desired direction 

(i.e., towards the target state) in 𝑣𝑖
𝑀𝑇𝐴.

𝑅𝑢𝑛𝑠𝑢𝑐𝑐𝑒𝑠𝑠are the differentially expressed reactions that have not changed in the desired 

direction (i.e., they have shifted away from the target state). 

𝑅𝑠 are the reactions that are not differentially expressed between the source and target state 

and hence should (ideally) remain unchanged in the MTA optimization.  

MTA was further refined by Valcárcel et al.28 who increased the robustness of the technique by 

also considering the worst-case scenario and the Minimization of Metabolic Adjustment 

(MOMA) to score the potential targets28. The worst-case scenario consists of running MTA 

inverting the list of upregulated/downregulated genes and allows to determine the capacity to 

move “away” from the target state with a given gene KO. MOMA is a method to simulate the 

effect of a gene KO assuming that when subjected to gene(s) KO, metabolic fluxes will switch to 

a state that requires the minimal variation from the flux distribution before the perturbation214. 

By integrating both MOMA and the worst-case scenario in the scoring functions, rMTA can more 

robustly identify the targets that have higher propensity to facilitate the transition to the target 

state.  

Nevertheless, a limitation of both MTA and rMTA is that there can potentially be more than one 

optimal solution to the MTA optimization problem. Hence, the resulting MTA or rMTA score 
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might be dependent on the final solution selected by the MIPQP solver. The multiplicity of 

solutions arises from the MILP component of the problem as any upregulated/downregulated 

reactions with a variation above/bellow ε will contribute equally to the objective function 

regardless of their flux value. This is particularly noticeable in undetermined reactions that are 

part of cycles or loops which can potentially increase/decrease to infinite values if not restricted. 

Here we propose to overcome this limitation by two complementary approaches. Firstly, by 

computing vref and ε from a model that has been constrained with GIMME to minimize the 

presence of cycles and loops in the reference flux distribution. And secondly, by modifying the 

MTA optimization to also minimize the variation of differentially expressed reactions. This is 

formulated with the following MIQP:  

min  (1 − 𝛼) ∑(𝑣𝑖
𝑟𝑒𝑓

− 𝑣𝑖
𝑀𝑇𝐴)

2
+

𝛼

2
∑ 𝑦𝑖 +

𝑖∈𝑅𝑓

𝛼

2
∑ 𝑦𝑖

𝑖∈𝑅𝑏

 (5) 

Subject to: 

𝑠 · 𝑣𝑖
𝑀𝑇𝐴 = 0 (6)

𝑙𝑏 < 𝑣𝑀𝑇𝐴 < 𝑢𝑏 (7) 

𝑣𝑖
𝑀𝑇𝐴 − 𝑦𝑖

𝐹 · (𝑣𝑖
𝑟𝑒𝑓

+ 𝜀𝑖) − 𝑦𝑖 · 𝑙𝑏𝑖 ≥ 0 , 𝑖 ∈ 𝑅𝑓(8)

𝑦𝑖
𝐹 + 𝑦𝑖 = 1, 𝑖 ∈ 𝑅𝑓 (9)

𝑣𝑖
𝑀𝑇𝐴 − 𝑦𝑖

𝐵 · (𝑣𝑖
𝑟𝑒𝑓

− 𝜀𝑖) − 𝑦𝑖 · 𝑢𝑏𝑖 ≤ 0 , 𝑖 ∈ 𝑅𝑏(10)

𝑦𝑖
𝐵 + 𝑦𝑖 = 1, 𝑖 ∈ 𝑅𝑏 (11)

𝑦𝑖
𝐹 , 𝑦𝑖

𝐵 , 𝑦𝑖 ∈ {0,1} (12)

Where, 

Eq (5) is the optimization function where 𝛼 is the weight given to the MILP component and 𝛼 −

1 the weight given to the QP component of the optimization and 𝑦𝑖 is a binary variable that is 1 

when upregulated/downregulated reactions are not changing in the target direction.𝑅𝑓 and 𝑅𝑏 

are the reactions that should increase and decrease, respectively, to shift in the desired direction 

(i.e. away from the source state and towards the target state). Unlike previous implementations 

28,211, upregulated/downregulated reactions are not excluded from the QP component. 

Eq (6) is the steady-state constraint and s is the stoichiometric matrix. 
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Eq (7) defines the lower and upper bounds for reaction fluxes. In our analysis, the bounds for 

the consensus model for the PC3M-PC3S cell lines were used (𝑢𝑏𝑃𝐶3𝑀−𝑃𝐶3𝑆 , 𝑙𝑏𝑃𝐶3𝑀−𝑃𝐶3𝑆). To 

simulate gene KO, reactions inactivated as a result of the gene KO are constrained to 0. 

Eq (8) to Eq (12) define the criteria for a reaction to shift in desired direction, namely that  v𝑖
𝑀𝑇𝐴 

− 𝑣𝑖
𝑟𝑒𝑓 

≥ 𝜀𝑖 for 𝑅𝑓 and 𝑣𝑖
𝑟𝑒𝑓 

− 𝑣𝑖
𝑀𝑇𝐴 ≥ 𝜀𝑖 for 𝑅𝑏.

Adding Rf and Rb reactions to the QP component of the optimization enhances the robustness 

of MTA by reducing the space of optimal solutions towards a single solution. However, a 

2
potential pitfall of such approach is that it could overprioritize the QP ((𝑣𝑖

𝑟𝑒𝑓 
− 𝑣𝑖

𝑀𝑇𝐴) ) over 

the MILP (𝑣𝑖
𝑀𝑇𝐴 − 𝑣𝑖

𝑟𝑒𝑓 
≥ 𝜀𝑖 for 𝑅𝑓 and 𝑣𝑖

𝑟𝑒𝑓 
− 𝑣𝑖

𝑀𝑇𝐴 ≥ 𝜀𝑖 for 𝑅𝑏) component if the 

appropriate 𝛼 value is not chosen. In our analysis, owing to the preceding flux minimization, 

most 𝜀𝑖 were significantly below 1, and we determined that with 𝛼 set to 0.5 it was enough to 

prioritize the MILP component. Other 𝛼 values (0.25 and 0.5) were tested, and highly similar 

results were obtained, proving that the results were not overly sensitive to the chosen 𝛼 value.  

Finally, to score potential targets, we used a new scoring function, based on the one used in 

rMTA28, but also considering the base TS. We define as base TS the TS obtained when MTA is 

run in the base network without any gene KO for either the best- or worst-case scenarios. 

𝑟2𝑇𝑆𝑔 = min (𝑇𝑆𝑔
𝑀𝑂𝑀𝐴, 0) · (

𝑇𝑆𝑔
𝑀𝑇𝐴𝑏𝑐

𝑇𝑆𝑏𝑎𝑠𝑒
𝑀𝑇𝐴𝑏𝑐 −

𝑇𝑆𝑔
𝑀𝑇𝐴𝑤𝑐

𝑇𝑆𝑏𝑎𝑠𝑒
𝑀𝑇𝐴𝑤𝑐) ·1000 (13) 

Where, 

𝑟2𝑇𝑆𝑔 is the r2MTA score for gene g. 

𝑇𝑆𝑔
𝑀𝑂𝑀𝐴 is the TS when the KO of gene g is simulated with MOMA.

𝑇𝑆𝑔
𝑀𝑇𝐴𝑏𝑐 and 𝑇𝑆𝑔

𝑀𝑇𝐴𝑤𝑐are the TSs when the MTA optimization (eq 5) is run with gene g KOed, 

for the best-case (bc) and worst-case (wc) scenarios, respectively.  

𝑇𝑆𝑏𝑎𝑠𝑒
𝑀𝑇𝐴𝑏𝑐 and 𝑇𝑆𝑏𝑎𝑠𝑒

𝑀𝑇𝐴𝑤𝑐 are the TSs when the MTA optimization (eq 5) is run without any 

gene KO, for the best-case (bc) and worst-case (wc) scenarios, respectively. 

By Integrating the base scores, we are both normalizing the transformation score and correcting 

for possible biases towards the best- or worst-case scenarios in the MTA optimization. 

5.4. Cell proliferation assay 

Methotrexate (M9929-25MG) and pemetrexed (CDS024404-50MG) were purchased at Sigma 

Aldrich (Saint Louis, MO, USA) and dissolved to 20 mM in water. For the assessment of cell viability, 
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cells were cultured in 96 well plates for 24 hours prior to the addition of different compounds 

at different concentrations, in triplicate. Cells were incubated in the presence of the 

compounds for 72 hours. Then, cell proliferation was assessed by the MTT (3-(4,5-

dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide) assay, based on the ability of alive cells 

to cleave the tetrazolium ring of the MTT, quantitatively producing formazan (λ=550 nm)215. 
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Figure S1: Kaplan-Meier plots for alterations in the putative targets associated to partial EMT. 

Such genes are frequently amplified in prostate cancer and such alterations are significantly 

associated to worst overall survival ( Logrank Test P-Value < 0.05).  
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Text S1: Type I interferon Response 

The GSs associated to type I interferon response (i.e., “GO: type I interferon signaling pathway,” 

“GO: cellular response to type I interferon”,) are strongly downregulated in PC3M compared to 

PC3S and, remarkably, such functions are not restored upon Snai1 overexpression. Type 

Interferon I signaling increases the immunogenic potential of cancer cells by enhancing the 

oncogenic-antigen presentation. In addition to the immunogenic role, type I interferon signaling 

has also been reported to inhibit proliferation in and trigger apoptosis in cancer cells42. For 

instance, interferon α has been shown to inhibit proliferation in a prostate cancer cell line by 

increasing the concentration of cell cycle inhibitor protein p21216. 

Although type I interferons are primarily produced by dendritic cells, they can be produced by 

most cell types, including cancer cells. Transcription of type I interferons is induced mainly by 

the IRF (Interferon Regulatory Factor) family of transcription factors, with IRF7 assumed to be 

master transcription factor217,218. The notable exception appears to be interferon ε, which 

appears to be regulated in a hormone-dependent manner219.Type I interferons signaling acts 

through IFNAR(interferon alpha receptor ) 1 and 2 heterodimers which are regulated both at the 

transcriptional and posttranscriptional level220.  

Low activity of type I interferon signaling is a hallmark of many cancer types and has been 

associated with poor prognosis and metastatic potential221. For instance, the loss of the 

interferon gene cluster was associated with poor prognosis in melanoma 222. Similarly, in 

colorectal cancer, downregulation of IFNAR1 was shown to promote tumor growth and 

correlated with poor prognosis223. Likewise, IRF7 is often found to be hypermethylated in lung 

cancer cell lines224 and its overexpression has been found to reduce metastasis in prostate 

cancer 225. Furthermore, reduced type I interferon signaling has been associated with CSC 

phenotype in breast cancer226. Indeed, inactivating IFNAR1 in mice has been shown to enhance 

tumor progression and increase the proportion of CSC in breast tumors 227. Type I interferon 

signaling also plays a key role in response to chemotherapy. In breast cancer, IFN-inducible 

genes were overexpressed in the xenografts that responded to therapy 228 while the activity of 

the IRF7/IFN-β/IFNAR axis was also found to correlate with longer distant metastasis-free 

survival after chemotherapy229. 

Reduced type I interferon signaling in PC3M appears to be driven by low expression of both 

IFNAR1 and IFNAR2 and reduced type interferon I production. It is worth noting, that the 

expression of the canonical type I interferons, IFNA1(Interferon α1) and IFNB (Interferon β1) is 

quite low, even in PC3S, and the predominant interferon appears to be IFNE (interferon ε).  
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 Transcript levels of genes related to type I interferon. Expression levels are indicated as FPKM 

(Fragments Per Kilobase of transcript per Million mapped reads) in a Log2 scale. a,b and c denote 

a statistically significant difference (FDR<0.05) between PC3M and PC3S, PC3M and PC3M-Snai1 

and PC3M-Snai1 and PC3S, respectively.  
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Summary 

With most of the cancer-related deaths arising from the metastatic spread, it is of great 

biomedical importance to develop new therapeutic approaches against metastasis. In this 

regard, the acquisition of metastatic potential could be supported by a process of metabolic 

reprogramming that might result in metabolic vulnerabilities that can be therapeutic targets. 

With this aim, here we perform a thorough metabolic characterization of a primary colorectal 

cancer cell line (SW480), a cell line derived from the lymph node metastasis of the same patient 

(SW620) and a metastatically enriched derivative of the latter (SW620-LiM2). Using a novel 

genome-scale multiomics integration approach, we determined that the metastatic cell lines 

are selectively vulnerable to the inhibition of cystiine import and folate metabolism.

Furthermore, we find that the metastatic cell lines had a reduced concentration of the 

antiproliferative peptide carnosine which can be putatively increased through the inhibition of 

citrate synthase. Together, the work presented here could contribute to the development of 

new therapies capable of selectively stopping the metastatic spread of colorectal cancer by 

targeting metabolic vulnerabilities of the metastatic populations. 
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Introduction 

Colorectal cancer is the third most common cancer type with an estimated 1.8 million new cases 

diagnosed yearly and the second cancer in mortality with over 800.000 deaths per year(Bray et 

al., 2018). Patients with early stages of colorectal cancer can be successfully treated by removing 

the primary tumor. Indeed, if diagnosed and surgically removed at an early stage the 5-year 

survival rate for patients is of approximately 90%(Kuipers et al., 2015). However, at late stages 

of tumor progression, cancer cells might have already disseminated from the primary site in the 

colon and extravasated into the blood or lymph vessels. While some of these cells might die in 

circulation, others may attach to distant organs and tissues and either remain dormant as micro-

metastasis or proliferate and form clinically manifested metastasis(Oskarsson et al., 2014; 

Yamamoto et al., 2016). At that stage, colorectal cancer cannot be generally treated by surgery 

and with current therapies, the 5-year survival rate is less than 10%(Kuipers et al., 2015). Thus, 

it is of paramount importance to develop effective therapeutic strategies against colorectal 

cancer metastasis.  

Recently, metabolic reprogramming has begun to emerge as an enabling feature of metastatic 

spread. Firstly, detachment from the extracellular matrix is associated with the increased 

formation of reactive oxygen species (ROS), which can lead to a specific form of apoptosis 

termed anoikis (Kamarajugadda et al., 2013; Li et al., 1999). In this regard, metastatic cell 

populations are able to survive in circulation by adapting metabolism to reduce ROS production 

and enhance antioxidant pathways(Elia et al., 2018; Lu, 2019). Secondly, metastatic populations 

are generally endowed with a degree of metabolic plasticity that allows them to survive and 

proliferate under the variable supply of substrates and oxygen encountered as part of the 

metastatic process(Lehuédé et al., 2016; Pascual et al., 2018). Finally, in order to form 

macroscopic metastasis from a small number of seeding cells, metastatic cell populations must 

be endowed with a metabolic phenotype capable of supplying the building blocks (e.g., 

nucleotides, amino acids, lipids) and ATP to support rapid cell proliferation(Tarrado-Castellarnau 

et al., 2016). However, the metabolic adaptation to promote metastasis can also lead to 

vulnerabilities and dependencies that can be exploited to selectively target metastatic cancer 

cells(Lu, 2019; Pascual et al., 2018). 
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With the goal of identifying metabolic vulnerabilities underlying the metastatic phenotype in 

colorectal cancer, here we performed a thorough metabolic characterization analysis of four cell 

lines derived from the same patient and with increasing metastatic potential: SW480, SW620, 

SW620-LiM1, and SW620-LiM2. SW480 and SW620 are KRASG12V-mutant cell lines derived from 

the primary tumor and a lymph node metastasis, respectively, from a 50-year-old patient with 

a Duke’s type B colorectal cancer(Hewitt et al., 2000; Yeh et al., 2009) while LiM1 and LiM2 are 

two metastatic-enriched derivatives from SW620(Urosevic et al., 2014). Briefly, LiM1 was 

isolated from liver metastasis cells resulting from the inoculation of SW620 into the portal 

circulation of immunodeficient mice, and LiM2 from a second round of in vivo selection from 

LiM1. In this regard, after the initial characterization determined that phenotypically LiM1 and 

LiM2 were largely indistinguishable we decided to focus our efforts on SW480, SW620, and 

LiM2.  

To integrate the generated data, together with publicly available data of the cell lines of study, 

we developed a novel genome-scale data integration workflow to build cell line-specific 

genome-scale metabolic models (GSMMs) from multiple layers of data (e.g. extracellular flux 

measurements, metabolomics, 13C stable resolved metabolomics, respiration parameters and 

genetic dependencies). Furthermore, to identify targets with minimal off-target effect on non-

tumoral colon cell populations, a condition-specific GSMMs was also built for the NCM460 cell 

line, derived from a non-tumoral colon mucosal epithelium(Moyer et al., 1996). The resulting 

cell line specific GSMMs were used to determine the metabolic vulnerabilities that can be used 

to selectively target metastatic cell populations in colorectal cancer. 

Results 

Characterization of the metastatic phenotype 

We first performed a general characterization of the colorectal cancer cell lines in terms of cell 

growth, invasion, and metastatic capacities. The primary tumor-derived SW480 was the slowest-

growing cell line, followed by the cell lines LiM2, LiM1 and SW620 (Figure 1A). Even more, cell 

volume had an indirect correlation with cell proliferation in line with the notion that smaller cells 

tend to proliferate faster than larger cells (Dolfi et al., 2013) (Figure 1B). Additionally, the 

metastatic cell lines had higher 3D growth capacity than SW480 (Figure 1C). Conversely, SW480 

had a higher migratory capacity than the metastatic cell models (Figure 1D).  

In this regard, SW480 had less expression of E-cadherin and γ-catenin than the metastatic cell 

lines, while they had more expression of β-catenin (Figure 1E). The higher motility together with 
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the loss of E-cadherin and γ-catenin, essential proteins for cell junctions in the epithelial lineage 

of the colon mucosa (Aktary et al., 2017; Schnoor, 2015), seem to indicate that SW480 had 

already undergone the epithelial-mesenchymal transition (EMT), which allows primary tumor 

cells to detach from the primary site (Mittal, 2018). Conversely, SW620 cells showed some 

epithelial properties (e.g., high E-cadherin expression and low expression of β-catenin and 

fibronectin). Although the LiM2 phenotype is similar to SW620, they also seemed to have more 

mesenchymal properties such as a small but significant ability to migrate and some 

mesenchymal markers enhanced with respect to SW620 such as fibronectin or vimentin.  

Remarkably, the NF-κB factor, which plays a key role in cell migration, extracellular matrix 

degradation and EMT (Jana et al., 2017; Yan et al., 2010) was more expressed in the metastatic 

cell lines. However, the PI3K/AKT pathway, which can also promote EMT (Grille et al., 2003; Yang 

et al., 2019), was more active (i.e., higher fraction of P-AKT) in SW480 (Figure 1F). Finally, the 

MYC protein expression was higher in the metastatic cell lines (Figure 1G) and could also 

contribute to their increased proliferation rate and metastatic capacity (Cho et al., 2010; Yin et 

al., 2017). 

Workflow for multiomics data integration 

As part of the metabolic characterization of the cell lines under study, multiple layers of data 

were collected such as growth rates, rates of uptake and secretions of glucose, lactate, and 

amino acids, oxygen consumption rate, respiration parameters, 13C resolved metabolomics, and 

targeted metabolomics. In this regard, due to the disparity of cell volume, flux measurements 

were normalized by cellular size to be comparable between cell lines (Dolfi et al., 2013). 

Additionally, transcriptomics for all cell lines of study were obtained from the literature 

(Provenzani et al., 2006; Sheffer et al., 2009; Urosevic et al., 2014). Similarly, from the Project 

DRIVE (deep RNAi interrogation of viability effects in cancer) database(McDonald et al., 2017) 

the dependencies of both SW620 and SW480 on a large number of metabolic genes were 

obtained. Together this created a large dataset of multiomics data that could be highly 

informative of the underlying flux phenotype. 

Hence, we developed a workflow to integrate such complex data set and build cell-line specific 

GSMMs starting from the generic human GSMM Recon2.2(Swainston et al., 2016). The 

workflow, applied for SW480, SW620, and LiM2, consisted of the following steps:  

1. Building a flux map of central metabolism. Stationary 13C MFA(Antoniewicz, 2018) was used

to integrate 13C resolved metabolomics, growth rates, rates of metabolite uptake and

secretion, oxygen consumption rate and respiration parameters to estimate the range of
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fluxes through central metabolism. The resulting flux ranges were used to constrain the 

human GSMM model Recon2.2(Swainston et al., 2016). 

2. Integration of targeted metabolomics. Measures of intracellular concentration of amino acid

and biogenic amines were used to constrain the GSMMs to produce such metabolites at the

rate required to maintain their levels at steady state while proliferating(Reimers and

Reimers, 2016). Additionally, lipidomics measurements were used to customize the biomass

reaction of each cell line.

3. Minimal cut set (MCS) analysis. Based on the essential metabolic genes reported in the

project DRIVE database(McDonald et al., 2017) for SW620 and SW480, the reactions that

should be inactive for such genes to be essential were determined using MCS

analysis(Apaolaza et al., 2017, 2018). Such reactions were subsequently inactivated in the

model. For LiM2, we implemented all the MCSs shared between SW480 and SW620 and the

MCS in SW620 where none of the genes were significantly overexpressed.

4. Integration of transcriptomics data. The GIMME algorithm(Becker and Palsson, 2008;

Schmidt et al., 2013) was used to integrate transcriptomics data and restrict the maximum

flux through reactions and pathways based on their gene expression evidence.

5. Selection of the most representative flux samples. Flux sampling was used to compute

possible flux combinations consistent with the above-integrated data. Each flux sample was

then used to systematically simulate the effect of gene KOs on biomass production and

ranked based on its consistency with the gene dependency data from Project DRIVE. The

goal of this step is both to minimize the false positives of gene essentiality and to integrate

partial dependencies on genes that while not-essential might have a significant impact on

cell viability. For each cell line, the top 100 ranked flux samples were selected as

representative flux distributions.

To build a specific GSMM for NCM460, a similar workflow was used but step 3 and 5 were 

omitted. 

The metastatic cell lines display increased Warburg effect, pyruvate 

dehydrogenase activity, and glutaminolysis 

We determined that the metastatic cell lines had a stronger Warburg effect than SW480, as they 

consumed more glucose and produced more lactate (Figure 2A-B). Remarkably, the metastatic 

cell lines also had less phosphorylation of Pyruvate Dehydrogenase (PDH), (Figure 2C) which 

suggested that they had this enzyme more active. This was confirmed from the cell line-specific 

flux maps, whiched show higher flux through PDH in SW620 and LiM2 than in SW480 (Figure 
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2G). In this regard, P-AKT, which was increased in SW480(Figure 1F), has been reported to 

phosphorylate PDK1 and enhance its activity (Chae et al., 2016) and could theoretically account 

for a decreased PDK activity in SW620 and LiM2. While it might seem paradoxical that the 

metastatic cell lines had both stronger Warburg effect and PDH activity, it must be noted that 

flux through PDH was quite low compared to lactate production (~10%, Figure 2C).  

Regarding glutamine metabolism, we observed that the metastatic cells consumed more 

glutamine and produced more glutamate (Figure 2E-F). Glutaminase (GLS) and Glutamate 

Dehydrogenase 1 (GLUD1) expressions were also upregulated in the metastatic cell lines (Figure 

2D), confirming a higher glutamine metabolism. Accordingly, condition-specific flux maps 

predicted increased glutaminase activity in the metastatic cell lines (Figure 2G). 

The metastatic cell lines have increased respiration and respiratory flexibility 

In line with the previously observed metabolic changes, mitochondrial function was also altered 

in the metastatic cell lines, which displayed an increased oxygen consumption rate (OCR) 

compared to SW480 (Figure 2H). We also performed Mito Fuel Assays using UK5099 

(mitochondrial pyruvate carrier inhibitor), BPTES (GLS inhibitor) and etomoxir (CPT1 inhibitor) 

in order to characterize the capacity, dependency, and flexibility of mitochondrial respiration to 

glucose, glutamine and fatty acids. The metastatic cell lines showed similar capacity but lower 

dependency and higher flexibility for the three substrates (Figure 2I-K) than the SW480 cell line. 

Hence, even if the metastatic cell lines displayed increased PDH flux under basal conditions, they 

were not dependent on such activity for respiration.  

Metabolomic profile 

Intracellular Metabolite profiling of the cell lines was performed using the Absolute IDQ p180 kit 

(Biocrates Life Sciences AG) (Figure 3). Glutamate and glutamine were found to be significantly 

increased in the metastatic cell lines (SW620, LiM1, and LiM2) in accordance with their high rate 

of glutamine uptake and glutaminolysis. Similarly, increased glycine concentrations in the 

metastatic cell lines could be indicative of the increased activity of serine 

hydroxymethyltransferase and thus enhanced folate metabolism.  

Conversely, the metastatic cell lines displayed a decreased concentration of the essential amino 

acids tryptophan, threonine, and tyrosine, which might be driven by increased protein synthesis 

and possibly increased catabolism of such amino acids. Furthermore, they also displayed 

significantly lower aspartate and carnosine levels. Carnosine is a naturally occurring dipeptide 

of β-alanine and histidine with putative roles as a pH buffer, neurotransmitter, and antioxidant 

agent which has been reported to inhibit cancer cell proliferation in vivo and in vitro (Bao et al., 
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2018; Cheng et al., 2019; Ding et al., 2018b; Fouad et al., 2017; Iovine et al., 2014, 2016; Lee et 

al., 2018; Shen et al., 2014).  

Additionally, acyl-carnitines and free carnitine were detected at significantly higher 

concentrations in SW480 than in the metastatic cell lines. As such metabolites are associated 

with β-oxidation(Longo et al., 2016), this confirms the dependency of SW480 on the β-oxidation 

determined in the fatty acid mitochondrial fuel assay (Figure 2K).  

Remarkably, there were few biologically significant differences between SW620, LiM2, and 

LiM1. Indeed, when samples were clustered based on their metabolomics profile (Figure 3), 

replicates from LiM1 and LiM2 could not be separated.  

Putative metabolic targets 

The cell line-specific GSMMs were used to identify essential or synthetic lethal gene pairs that 

could selectively inhibit growth in the metastatic cell lines SW620 and LiM2. Overall, 26 single 

gene KO and 324 gene combinations were found to be able to impair the proliferation of SW620 

and LiM2. Excluding the targets predicted to significantly impair the proliferation of normal 

colon epithelial cells (i.e., NCM460), 6 single putative gene targets and 9 putative synthetic lethal 

pairs were found to be selective for colorectal cancer cells (Table 1).  

Most of the identified single targets were the direct result from the MCS analysis suggesting that 

such step significantly contributed to identifying the differential metabolic dependencies of the 

metastatic and non-metastatic cell lines. The exception is Pyruvate Kinase M1/2(PKM) which 

emerged as a target both because of the strong Warburg effect and the high expression of such 

isoenzyme in the cancer cell lines. Indeed, the key role of the PKM isoform 2 in cancer is widely 

recognized and its inhibition has emerged as a promising therapeutic strategy(Vander Heiden et 

al., 2010; Mazurek, 2011; Ning et al., 2017; Ye et al., 2012). The dependency of the cancer cell 

lines of study on PKM activity was validated with the Project DRIVE Database, which indicated 

that the silencing of such gene severely impaired the viability of both SW620 and 

SW480(McDonald et al., 2017). Such dependency was not integrated as part of MCS analysis as 

the predicted MCSs did not meet the required criteria (i.e. they required to inactivate more than 

the maximum allowed number of reactions, see Methods) and hence it emerged from the 

integration of the other layers of data. In NCM460, the model prediction is that they would be 

less susceptible to PKM inhibition because they had a lower ratio of PKM to Pyruvate Kinase L/R. 

Concerning synthetic lethal pairs, we noted that many of them were associated with cystine 

transporters. Cystine (L-dicysteine) is the oxidized form of cysteine and the predominant form 
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in blood and culture media (Chawla et al., 1984; Crawhall et al., 1968). Cystine can be 

transported inside the cell through the Cystine/Glutamate antiporter system Xc- (coded by the 

genes SLC7A11 and SLC3A2)(Bridges et al., 2012) and through the cystine/neutral amino antiport 

acid system b0,+ (coded by the genes SLC7A9 and SLC3A1)(Chillarón et al., 2010).  

The remaining putative synthetic lethal genes were combinations with the glycolytic enzyme 

Glucose-6-Phosphate Isomerase (GPI) and most likely associated with the increased Warburg 

effect observed in the metastatic cell lines.  

Metastatic cell lines are dependent on cystine uptake from the media 

Close analysis revealed that both the dependency on Glutathione-Disulfide Reductase (GSR) and 

cystine transporters were connected. In the cytoplasm, cystine is reduced to cysteine primarily 

by reacting with glutathione(Bannai and Kitamura, 1980; States and Segal, 1973; Tietze et al., 

1972), which is recycled by GSR. However, it has been reported that cystine can also be reduced 

by the thioredoxin reductase system(Holmgren, 1977; Mandal et al., 2010). Additionally, 

cysteine can also be produced from methionine, the other sulfur-containing amino acid, through 

the transsulfuration pathway(Sbodio et al., 2019) (Figure 4A). Furthermore, cysteine, in addition 

to being a proteogenic amino acid, is generally assumed to be the limiting substrate of 

glutathione synthesis(Estrela et al., 2016). 

From the Project DRIVE gene screening(McDonald et al., 2017), it was predicted that silencing 

GSR had a significantly larger effect on the viability of SW620 than SW480. From MCS analysis it 

emerged that the most likely cause of such dependence was due to differences in cysteine 

metabolism. Namely, because of insufficient activity in both thioredoxin-dependent cystine 

reduction and cystathionine β-synthase in SW620, the glutathione reductase activity was 

essential to produce the cysteine needed to sustain both protein and glutathione synthesis 

(Figure 4A). Furthermore, based on the lack of significant differences in the gene expression 

levels of such enzymes between SW620 and LiM2, we hypothesized that LiM2 might share the 

same dependency. From this analysis, it emerged that both SW620 and LiM2 were largely 

cystine/cysteine auxotrophs. For such reason, the model simulation predicted as synthetic lethal 

combinations gene pairs that inhibited both the Xc- and b0,+ systems.  

To validate this hypothesis, we incubated SW480, SW620, and LiM2 in a culture medium without 

cystine. Proliferation was reduced significantly more in the metastatic cell lines, confirming that 

they were more dependent on cystine uptake from the media (Figure 4B). As expected, such 

effect could be rescued through the addition of N-acetyl cysteine (NAC) which can be deacylated 

to form cysteine(Whillier et al., 2009). 
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The metastatic cell lines are vulnerable to the inhibition of the Xc- system 

Having established the dependence of the metastatic cell lines on cystine uptake, we proceeded 

to evaluate the therapeutic potential of inhibiting cystine transporters. With the simulated flux 

maps showing significantly more flux through the Xc- system across all analyzed cell lines (Figure 

4C) and the evidences that its inhibition is sufficient to inhibit cell proliferation and tumorigenic 

capacity in several cancer types (Gout et al., 1997; Lo et al., 2008; Ma et al., 2015; Savaskan et 

al., 2008; Shin et al., 2018) we decided to focus on such system.  

Hence, we evaluated the growth inhibitory effects of erastin, an irreversible inhibitor the Xc- 

system(Dixon et al., 2012, 2014; Sato et al., 2018), in SW480, SW620, LiM2 and the non-tumoral 

colon cell line NCM460. Remarkably erastin had been originally identified as a drug selective for 

cell lines with mutant RAS making it an attractive drug choice(Dixon et al., 2012). As expected, 

erastin had lower IC50 values for the metastatic cells than for the primary and non-tumoral cell 

lines (Figure 4D, Table 2).  

Additionally, erastin had been reported to significantly reduce the viability of cancer cells by 

depleting glutathione and leading to an iron-dependent oxidative death termed ferroptosis 

(Dixon et al., 2012, 2014). In this regard, the effect of erastin on cell viability was evaluated in 

SW620, LiM2, SW480, and NCM460 and it was found to selectively and significantly increase 

apoptosis of the metastatic cell lines (Figure 4E).  

The metastatic cell lines are dependent on MTHFD1 activity 

Folate metabolism consists of two branches compartmentalized in the mitochondrial matrix and 

the cytosol. Both branches are interconnected through intermediaries and products that can be 

transported between the cytosol and the mitochondrial matrix, namely tetrahydrofolate, serine, 

glycine, 10N-formyl tetrahydrofolate (CHO-THF) and formate (Tibbetts and Appling, 2010). 

Because of such redundancy, in most cancer types, inhibition of an enzymatic activity in any of 

the branches can be compensated by activities in the other branch(Ducker et al., 2016). 

However, this is not always the case, and some cancer types can be vulnerable to inhibition of 

activities specific to either of the branches(Ding et al., 2018a; Nishimura et al., 2019; Paone et 

al., 2014; Pikman et al., 2016).  

In this regard, in the project DRIVE database, it was reported that SW620 but not SW480 were 

highly dependent on the expression of “Methenyltetrahydrofolate Cyclohydrolase, 

Formyltetrahydrofolate Synthetase” (MTHFD1) which codes for an enzyme which catalyzes 

three steps of the cytosolic branch of folate metabolism (Figure 5A).  
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To confirm that such dependency is related to its enzymatic activity, NCM460, SW480, SW620 

and LiM2 were incubated with LY345899. LY345899 is an inhibitor of both MTHDF1 and MTHFD2 

but with a significantly lower Ki for the former(Gustafsson et al., 2017; Schmidt et al., 2000). 

Such inhibitor was shown to selectively inhibit the proliferation of SW620 and LiM2, confirming 

the dependency of the metastatic cell lines on the MTHDF1 enzymatic activity (Figure 5B, Table 

2). 

MCS analysis predicted that such dependency emerged because the CHO-THF generated into 

the mitochondria could not be transported to the cytosol to compensate for MTHDF1 deficiency 

(Figure 5A). CHO-THF is the substrate of Phosphoribosylglycinamide Formyltransferase (GART) 

activity, which is necessary for de novo synthesis of purine and consequently is predicted to be 

required for proliferation. This suggests that in the metastatic cell lines, folate metabolism is, to 

some extent, uncoupled between the cytosol and the mitochondrial matrix. 

The metastatic cell lines are vulnerable to SHMT inhibition and antifolates 

Both metastatic cell lines displayed significantly higher fluxes through the cytosolic branch of 

folate metabolism than SW480 (Figure 5C). Indeed, when both the cytosolic and mitochondrial 

branches of folate metabolism were considered, SW620 and LiM2 also displayed significantly 

higher total activities than SW480 making folate metabolism an attractive therapeutic target. 

In this regard SHIN2 (Ducker et al., 2017), a chemical inhibitor of both SHMT1/2, had similar 

growth inhibitory effect on all metastatic and non-metastatic cell lines suggesting that both the 

primary and the metastatic cell lines were dependent on SHMT activity for proliferation (Figure 

5D, Table 2). However, SHIN2 was a selective drug for colorectal cancer cells as it had less growth 

inhibitory effect on the immortalized colon epithelial cell line NCM460. Even more, SHIN2 

induced significantly more apoptosis in the metastatic cell lines than SW480 or NMC460 (Figure 

5E).  

Additionally, the therapeutic effectivity of the antifolates methotrexate, pemetrexed and 

lometrexol were also evaluated. All antifolates were shown to have greater growth inhibitory 

effects in the metastatic cell lines than in the primary cell line or healthy colon epithelial cell line 

(Figure S1A-C, Table 2). 

High PDH and citrate synthase activities protect SW620 and LiM2 from 

carnosine accumulation 

Due to the reported antineoplastic role of carnosine, it can be of therapeutic interest to identify 

the drivers of the synthesis of such metabolite in the cell models of study. The limiting substrate 
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for carnosine synthesis is generally assumed to be β-alanine due to both its low concentration 

and the low affinity of carnosine synthase for such metabolite(Sale et al., 2010). β-alanine can 

be synthesized from aspartate decarboxylation, spermine oxidation, uracil catabolism and from 

propionyl-CoA(Kanehisa and Goto, 2000).  

Because in the SW480 cell line both carnosine and aspartate concentration were significantly 

higher than in the metastatic cell lines, it became apparent that aspartate decarboxylation was 

the predominant pathway fueling the synthesis of β-alanine, and, consequently, carnosine in 

such cell line. Aspartate decarboxylation is reported to be catalyzed by GAD1(glutamate 

decarboxylase 1) (Kanehisa and Goto, 2000; Porter and Martin, 1986) although recently it has 

been proposed that it can also be catalyzed by GADL1 (glutamate decarboxylase like 1)(Liu et 

al., 2012). Although we lacked gene expression measurements of GADL1, GAD1 was highly 

expressed in SW480, SW620, LiM1, and LiM2 and lowly expressed in NCM460(Provenzani et al., 

2006; Sheffer et al., 2009; Urosevic et al., 2014).  

In order to identify the drivers of carnosine synthesis, the condition-specific GSMMs were used 

to systematically analyze the effect of gene KOs on carnosine synthesis. According to such 

simulations, the most efficient intervention to increase carnosine synthesis was the inhibition of 

either Citrate Synthase (CS) or PDH. The model predicted that inhibiting either PDH or CS would 

lead to an accumulation of aspartate which would be redirected towards β-alanine synthesis 

fueling carnosine production (Figure 6). Indeed, the flux through CS and PDH was significantly 

higher in SW620 and LiM2 than SW480 (Figure 2G), suggesting that reduced flux through such 

reactions is likely to be the cause of the increased aspartate and carnosine content in SW480. 

However, it is worth noting that such targets would not affect NCM460’s carnosine synthesis as 

their transcriptomics profile indicates they have low GAD1 expression(Sheffer et al., 2009).  

Discussion 

As part of our effort to identify the metabolic vulnerabilities in the colorectal metastatic 

populations, we performed a thorough characterization of the same-patient derived cell lines 

SW480, SW620 and LiM2. The lymph node and liver metastatic cell lines SW620 and LiM2, 

respectively, were shown to be endowed with enhanced proliferative and spheroid formation 

capacity compared to SW480, which were derived from the primary tumor site. Conversely, 

SW480 had higher motility and had less E-cadherin expression compared to SW620 and LiM2. 

In this regard, E-cadherin is beginning to emerge as a driver of metastatic spread(Gunasinghe et 

al., 2012; Hugo et al., 2017; Padmanaban et al., 2019; Reichert et al., 2018; Zheng et al., 2015). 

However, we note that LiM2, and to a lesser extent SW620, also had a strong expression of 
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mesenchymal markers such as N-cadherin, Fibronectin and Vimentin. Indeed, it has been 

suggested that the metastatic phenotype is often supported by an intermediate phenotype 

where the expression of both mesenchymal an epithelial markers coexist (Beerling et al., 2016; 

Lo and Zhang, 2018; Saitoh, 2018; Shibue and Weinberg, 2017; Thomson et al., 2019) and, 

indeed, this seems to be the case with the SW620 and LiM2 metastatic populations.  

At the metabolic level, we determined that the metastatic cell lines (i.e., SW620 and LiM2) 

displayed a significantly more active Warburg effect than the primary cell line (i.e., SW480). In 

this regard, the Warburg effect is widely accepted to support fast proliferation rates by virtue of 

allowing both fast ATP production and redirection of glycolytic intermediates towards the 

synthesis of biomass components (Vander Heiden et al., 2009; Locasale and Cantley, 2011; 

Shlomi et al., 2011). Additionally, because the Warburg effect can produce ATP independent of 

the ROS-generating mitochondrial respiration, it can contribute to protecting cancer cells from 

oxidative stress during anoikis(Lu, 2019). Even more, acidification of the tumor 

microenvironment as a result of lactate secretion can also promote a gene expression program 

associated with invasiveness and metastasis in cancer cells(Rohani et al., 2019; Rozhin et al., 

2013). Hence, the overactivated Warburg effect is poised to play a key role in enabling 

metastatic spread and targeting it has proven to be an effective strategy to reduce the formation 

of metastasis in several cancer models(Du et al., 2016; Kolesnik et al., 2015; Sheng et al., 2012; 

Sottnik et al., 2011; Sun et al., 2010).  In this regard, genome-scale metabolic modeling identified 

several putative metabolic targets associated with the Warburg effect such as PKM and several 

synthetic lethal combinations with GPI.  

Furthermore, the metastatic cell lines also presented a higher glutamine uptake and 

glutaminolysis than SW480. In this context, glutamine can support proliferation being both a 

carbon and nitrogen donor (Yang et al., 2017) and has been reported to enhance invasion and 

colonization capacities (Dornier et al., 2017; Jin et al., 2018; Rodrigues et al., 2016; Shelton et 

al., 2010; Yang et al., 2014). Additionally, the metastatic cell lines were also shown to be 

endowed with increased mitochondrial function. Even more, the mitochondrial fuel test 

determined that such function was highly flexible and could easily adapt to variable substrate 

availability. Hence, increased mitochondrial function might endow the metastatic cell lines with 

enhanced capacity to maintain a constant supply of ATP under variable, and potentially hostile, 

metabolic environments (Cannino et al., 2018). Finally, increased Warburg effect, glutaminolysis 

and respiration capacity are consistent with the known effects of MYC (Bhutia et al., 2015; Dang 

et al., 2006; Gao et al., 2009) suggesting that this oncogene might play a key role in the metabolic 

reprogramming underlying the metastatic phenotype.  
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Although the Warburg effect can contribute to reducing ROS production, ROS scavenging is 

largely dependent on glutathione(Bansal and Simon, 2018; Traverso et al., 2013). Indeed, 

glutathione levels tend to be higher in cancer cells than in healthy tissue and glutathione 

synthesis has been found to support metastasis in several cancer types (Andreassen et al., 2002; 

Estrela et al., 2002, 2016; Gal et al., 2015; Ortega et al., 2003). Glutathione is a tripeptide 

synthesized from glutamate, cysteine and glycine. In this context, increased glutathione 

synthesis is likely supported by the increased concentrations of glutamate and glycine found in 

the metastatic cell lines(Boysen et al., 2019; Sappington et al., 2016) as a result of the increased 

glutaminase and serine hydroxymethyltransferase activities. However, the limited substrate for 

glutathione synthesis is generally assumed to be cysteine(Estrela et al., 2016).  

In this regard, we identified cysteine metabolism as a vulnerability in the metastatic cell lines. 

More in detail, the cell line specific GSMMs predicted that the metastatic cell lines were 

dependent on cystine uptake from the extracellular media as they were predicted to have 

insufficient capacity to produce enough cysteine through the transsulfuration pathway. 

Although cysteine uptake can be mediated by both the Xc- and b0,+ transports, the Xc- system 

has been found to be overexpressed in several cancer types (Gout et al., 1997; Lo et al., 2008; 

Savaskan et al., 2008; Shin et al., 2018) including colorectal cancer (Ma et al., 2015). Additionally, 

its expression has been shown to be consistently higher in cell lines with mutant KRAS (Lim et 

al., 2019), such as SW480, SW620 and LiM2, and its activity and stability enhanced through the 

interaction with CD44v6 (Ishimoto et al., 2011) which is a marker of metastatic potential and 

CSC phenotype in colorectal cancer(Todaro et al., 2014). Here we determined that inhibition of 

Xc- with erastin can reduce both cell proliferation and cell viability in the metastatic cell lines 

(SW620 and LiM2). Even more, with the colorectal cancer cell line SW480 and the healthy colon 

epithelial cell line NMC460, higher drug doses were required to achieve growth inhibition and 

no decrease in viability was observed. Hence, erastin is highly specific for the metastatic cell 

lines and it is a potentially effective therapeutic strategy against metastasis in colorectal cancer. 

Indeed, such treatment would synergize well with electrophilic chemotherapeutic agents (e.g. 

cisplatin) (Ma et al., 2015; Sato et al., 2018) or radiotherapy (Cobler et al., 2018; Pan et al., 2019) 

as resistance to such therapeutic interventions is mostly glutathione-dependent.   

Additionally, from genome-scale simulations, we also identified folate metabolism, particularly 

the cytosolic branch, as a pathway strongly upregulated in the metastatic cell lines compared to 

the primary colorectal cell line SW480. Indeed, because of its role supporting de novo nucleotide 

synthesis, epigenetic regulation and energy and redox balance, folate metabolism is often 

overactivated as part of cancer progression (Fan et al., 2014; Kim, 2005; Locasale, 2013; Meiser 
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et al., 2016; Newman and Maddocks, 2017; Tedeschi et al., 2013). In this regard, the antifolates 

methotrexate, pemetrexed and lometrexol had stronger growth inhibitory effect on the 

metastatic cell lines than on SW480 and NCM460 while the SHMT inhibitor SHIN2 was selective 

for the three colorectal cancer cell lines. However, LY345899, an inhibitor of the putative 

metabolic target MTHFD1, was the most selective inhibitor as it selectively inhibited 

proliferation in the metastatic cell lines (i.e., SW620 and LiM2) with little or no effect on the 

proliferation of both the primary colorectal cancer (SW480) and the healthy colon epithelial cell 

line (NCM460).  

Such dependence is not the norm because MTHFD1, which catalyzes three steps of the cytosolic 

branch of folate metabolism, is generally made redundant by the activities of the mitochondrial 

branch (Ducker et al., 2016; Tibbetts and Appling, 2010). Indeed, according to the model 

predictions, MTHD1 is essential in the metastatic cell lines because of the reduced coupling 

between the cytosolic and mitochondrial branches of folate metabolism in the metastatic cell 

lines. On this subject, Serine Hydroxymethyltransferase 1 (SHMT1), Thymidylate Synthase  and 

MTHFD1 have been reported to translocate to the nucleus during the S phase of the cell cycle in 

order to promote thymidylate synthesis (Anderson and Stover, 2009; Anderson et al., 2012; 

MacFarlane et al., 2011). Similarly, although purine synthesis is assumed to occur primarily in 

the cytoplasm(An et al., 2008), recent evidence suggests that several key enzymes of the 

pathway, such as GART, are partially localized in the nucleus where the pathway can be active 

in an MTHFD1 dependent manner(Sdelci et al., 2019). Hence, the dependency of MTHFD1, and 

the reduced coupling between the cytosolic and mitochondrial branches of the folate cycle could 

possibly be attributed to increased nuclear localization of the folate pathway into the nucleus in 

the metastatic cell lines in order to support increased DNA replication and RNA transcription. In 

this regard, because of their nuclear localization, in some cellular models, inhibition of SHMT1 

or MTHFD1 has been reported to induce cell cycle arrest and compromise cell viability by 

reducing thymidylate synthesis and thus leading to uracil incorporation into DNA (Field et al., 

2015; Kamynina et al., 2017; Macfarlane et al., 2011; Paone et al., 2014).  

Finally, we determined that both SW480 and NCM460 had increased intracellular concentration 

of carnosine, a dipeptide of histidine and β-alanine, compared to the metastatic cell lines. 

Remarkably, carnosine has been reported to inhibit cell proliferation in several cancer 

models(Bao et al., 2018; Cheng et al., 2019; Ding et al., 2018b; Fouad et al., 2017; Shen et al., 

2014), including colorectal cancer (Iovine et al., 2014, 2016; Lee et al., 2018) where it was also 

shown to enhance response to chemotherapy(Iovine et al., 2016). Additionally, carnosine has 

also been reported to have metabolic effects such as reducing the glycolytic, TCA cycle and 
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oxidative phosphorylation fluxes(Bao et al., 2018; Cheng et al., 2019; Shen et al., 2014). Although 

the mechanism of action of carnosine is not fully elucidated, it has been reported to inhibit HIFα 

(Iovine et al., 2014, 2016) and NF-κB (Fouad et al., 2017; Lee et al., 2018) which are key players 

in tumor progression, and indeed NF-κB levels were decreased in SW480 compared to SW620 

and LiM2. Hence, we hypothesize that decreased carnosine content might contribute to the 

more aggressive phenotype of SW620 and LiM2.  

In this regard, using genome-scale simulations, we identified that carnosine synthesis is low in 

both SW620 and LiM2 because their high PDH and CS activity contributes to maintaining a 

reduced concentration of aspartate, which can be decarboxylated to β-alanine in a GAD1-

dependent manner. In this regard, a therapeutic intervention aimed at partially inhibiting CS 

could prove to be an effective therapeutic strategy against cancer cells expressing GAD1. Such 

inhibition could potentially be achieved with the drug Suramin, reported to inhibit CS (Salvarrey 

and Cazzulo, 1982; Xu et al., 2010). Indeed, Suramin, originally designed as an anti-parasitic drug, 

has shown therapeutic potential in cancer therapy due to its ability to antagonize growth factors 

(Bhargava et al., 2007; Stein et al., 1989; Waltenberger et al., 1996) and such effect might 

synergize with its putative capacity to induce carnosine synthesis.  

Overall, the work here presented provides a greater understanding of the metabolic 

reprogramming supporting the metastatic phenotype and the metabolic dependencies that 

emerge from it in the same-patient derived SW480, SW620 and LiM2 cellular models. We 

observe significant metabolic differences between the metastatic and non-metastatic derived 

cell lines suggesting that the acquisition of the metastatic capacity is accompanied by a 

significant reprogramming of metabolism. Interestingly, there are only subtle differences 

between the metabolic phenotype of SW620 and LiM2 even though the latter are derived 

through in vivo selection of the SW620 clones with the most metastatic potential. This suggests 

that the metabolic phenotype of SW620 is already largely optimized for metastasis and that the 

increased metastatic potential in LiM2 is largely attributed to non-metabolic changes in line with 

previous findings (Urosevic et al., 2014). Indeed, this similarity can be exploited therapeutically 

as both populations were shown to share the same metabolic dependency on cystine uptake 

and folate metabolism and hence can be targeted by the same drugs. Targeting such 

dependencies paves the way for therapeutic interventions selective against the metastatic 

populations in colorectal cancer.  
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Methods 

Cell lines and culture 

SW480 cell line was obtained from ATCC. SW620 and its metastatic derivatives SW620-LiM1 and 

SW620-LiM2 were obtained from Dr. Gomis at IRB Barcelona. NCM460 cell line was obtained 

through a Material Transfer Agreement with INCELL. All cells were grown in DMEM with 12,5 

mM glucose, 4 mM glutamine, 5% Fetal Bovine Serum and 1% Streptomycin/penicillin at 37ºC 

in a 5% CO2 atmosphere. 

Cell proliferation and viability assays 

Cell proliferation was determined by flow cytometry using flow-count fluorospheres (Beckman 

Coulter) addition to resuspended cells in culture media. When determining IC50 using various 

concentrations of a drug, cell proliferation was assessed by HO33342 staining. At the end of 

incubation, cells were washed with PBS, lysed with 0.01% SDS and frozen at -20ºC, thawed at 

37ºC and incubated with 4 μg/mL of HO33342 in 1M NaCl, 1 mM EDTA, 10 mM Tris-HCl pH 7.4 

for 1 hour at 37ºC in the darkness. Fluorescence was measured at 460 nm after excitation with 

337 nm in a FLUOstar OPTIMA Microplate Reader (BMG LABTECH GmbH, Ortenberg, Germany). 

Apoptotic cells were determined by imaging using Incucyte®, after incubation in the presence of 

a caspase-3/7 green reagent (Sartorius 4440) at 1:200 dilution. Apoptotic cells were also 

determined by flow citometry using Annexin V coupled with fluorescent isothiocyanate (FICT) 

addition to resuspended cells in 10 mM Hepes pH 7.4, 140 mM NaCl, 2.5 mM CaCl2 buffer. 

Incubation with Annexin V-FICT was performed in the darkness during 30 minutes at room 

temperature and propidium iodide was added 1 minute before flow cytometry.  

Spheroid assays 

Cell lines were seeded on 24-well (104 cells/well) low attachment plates in medium containing 

EGF, BFGF, heparin, B27, insulin and hydrocortisone and incubating for one week. Spheroids 

were analyzed by phase-contrast microscopy and stained incubating them with 0.5 mg/mL MTT 

(3-[4,5-dimethylthiazol-2-yl]-2,5-diphenyltetrazolium bromide) for 4h. 

Wound healing assay 

Cell lines were seeded on 24-well (6 x 105 cells/well) in 24-plates. The media was replaced after 

24h by another media containing 0.5% of mytomicin and no Fetal Bovine Serum. After 1h 

incubation, an articficial wound was performed by scratching the monolayer using a pipette tip. 

The wound’s width was measured at 0, 3, 7, 24 and 48h using phase-contrast microscope 

images.  
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Western blotting 

Protein extracts were obtained from the cultured cells incubating for 20 minutes at 4ºC with 

RIPA buffer (50 mM Tris pH 8.0, 150 mM sodium chloride, 1% Triton X-100, 0.5% sodium 

deoxycholate, 0.1% sodium dodecyl sulphate, 1% protease inhibitor cocktail and 1% 

phosphatase inhibitor cocktail from Thermo Fisher Scientific Inc.) and scrapping, sonicating and 

centrifuging at 12.000 g for 15 minutes. Equal amounts of protein extracts were separated by 

SDS-PAGE gel (10%) and transferred to polyvinylidene fluoride transfer membranes. Membranes 

were blocked with 5% non-fat milk in PBS-0.1% Tween 20 and incubated with an specific primary 

antibody followed by an incubation with the appropiate Horse radish peroxidase (HRP)-labelled 

secondary antibody. HRP activity was assessed with Immobilon ECL Western Blotting Detection 

Kit Reagent and detected by exposition with photographic film. The primary antibodies used 

included rabbit anti-E-cadherin (ab1416, Abcam) diluted at 1:1000, mouse anti-N-cadherin 

(610920 BDtransductionsLab) diluted at 1:1000, mouse anti-γ-catenin (sc-514130, Santa Cruz 

Biotechnology) diluted at 1:10000, mouse anti-vimentin (MS-129, Thermo Fisher Scientific) 

diluted at 1:1000, rabbit anti-fibronectin1 (F3648, Sigma-Aldrich) diluted at 1:2000, rabbit anti-

NF-κB (sc-103, Santa Cruz Biotechnology) diluted at 1:2000, rabbit anti-AKT (9272S, Cell 

Signalling Technology) diluted at 1:500, rabbit anti-P-AKT (9271, Cell Signaling Technology) 

diluted at 1:1000, rabbit anti-cMyc (Y69) (ab32072, Abcam) diluted at 1:10000, mouse anti-PDH 

(sub E1) (ab110330, Abcam) diluted at 1:1000, rabbit anti-P-PDH (sub E1-A) (S293) (ABS204, 

Merck Millipore) diluted at 1:10000, rabbit anti-GLS (ab93434, Abcam) diluted at 1:1000, rabbit 

anti-GLUD1 (ab166618, Abcam) diluted at 1:1000 and rabbit anti-TATA (TBS) (ab63766, Abcam) 

diluted at 1:1000. The last TATA antibody was used as a load control. Secondari antibodies 

included Anti-Mouse (GR304350-1, Abcam) diluted at 1:20000 and Anti-Rabbit (GR297013-4, 

Abcam) diluted at 1:20000. 

Spectrophotometric measurements 

Glucose, lactate, glutamine and glutamate uptake and production rates were measured from 

cell culture media concentrations at initial and final incubation time using a COBAS Mira Plus 

spectrophotometer (Horiba ABX Japan). The rates were normalized by number of cells and cell 

volume, assuming a constant rate during incubation time, which was verified in previous 

experiments. Determination of glucose was performed using Hexokinase and D-glucose-6-

phosphate Dehydrogenase reactions (ABX Pentra Glucose HK CP, HORIBA ABX, Montpellier, 

France) and NADPH release was measured at 340 nm. Lactate was measured using Lactate 

Dehydrogenase (Roche) at 87.7 U/mL, 1.55 mg/mL NAD+ in 0.2 M hydrazine, 12 mM EDTA pH 9 

buffer and NADH release was measured at 340nm. Glutamate was quantified by the Glutamate 
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Dehydrogenase at 39 U/mL, 2.41 mM ADP, 3.9 mM NAD+ in 0.5 M hydrazine, 0.5 M glycine pH 

9 buffer and NADH release was measured at 340 nm. Glutamine was measured indirectly by first 

transforming it to glutamate by Glutaminase in 125 mM acetate pH 5 buffer for 30 minutes at 

37ºC and then performing the same reaction as for glutamate concentration determination. 

OCR measurements, Mito Stress and Mito Fuel Assays 

Oxygen consumption rates were measured using a Seahorse XF24 Flux Analyzer (Seahorse 

Bioscience, North Billerica, MA, USA). Cells were seeded at 7.5 x 104 cells/well density for SW480 

and 105 cell/well density for SW620, LiM1 and LiM2 in 24-well plate pre-coated with collagen 

(Advanced Biomatrix). Plating technique involved 100 μL seeding of cell suspension and 100 μL 

extra addition of medium 3 hours later once cells had attached to the surface. After overnight 

growth, medium was replaced with Seahorse medium (buffer-free DMEM, Sigma-Aldrich 

supplemented with glucose, glutamine and antibiotics). The plates were equilibrated in a 37ºC-

incubator without CO2 for 60 minutes. The cartridge with the sensors was hydrated with 

calibration solution (Seahorse Bioscience) overnight at 37ºC and loaded into the Seahorse 

Analyser at least 30 minutes before starting the experiment to calibrate the sensors.  

For the Mito-Stress Assay, under baseline conditions (12.5 mM glucose, 4 mM glutamine, 1% 

streptomycin and penicillin) injections of 2.5 μM oligomycin (ATP synthetase inhibitor), 500 nM 

FCCP (Carbonyl cyanide-4-(trifluoromethoxy)phenylhydrazone, uncoupling agent) and 2 μM 

rotenone (inhibitor of complex I) together with 2 μM antimycin A (inhibitor of complex III) were 

made in order to calculate de different respiratory parameters (basal respiration, ATP 

production, proton leak, maximal respiration, spare capacity and non-mitochondrial 

respiration). 

For glucose, glutamine and fatty acids Mito-Fuel Assay, baseline conditions were used (12.5 mM 

glucose, 4 mM glutamine and 1% streptomycin and penicillin). The capacity, dependency and 

flexibility for each substrate were assessed with the convenient injections of 2 μM UK5099 

(inhibitor of pyruvate carrier) 3 μM BPTES (inhibitor of glutaminase) and 4 μM etomoxir 

(inhibitor of CPT1A). 

Targeted metabolomics 

Intracellular metabolite profiling and determination of uptake and secretion rates was 

performed using the Absolute IDQTM p180 kit (BIOCRATES Life Sciences AG, Innsbruck, Austria). 

For the quantification of intracellular metabolites, 5 x 106 cells in 100 mm plates (NCM460, 

SW480, SW620, LiM1 and LiM2 cell lines) were trypsinized and centrifuged at 500g for 5 minutes 

and metabolites were extracted from cell pellets. Pellet was resuspended in 70 μL of 85:15 
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EtOH:PBS buffer and sonicated 3 times for 5 seconds each, then submerged in liquid nitrogen 

for 30 seconds and thawed at 95ºC. Then, it was centrifuged 20.000 g, 5 minutes at 4ºC, 

supernatant was collected, and protein content was measured. For the determination of 

metabolites uptake and production, metabolites were extracted from cell media taken from the 

beginning and the end of a 24 h incubation in exponential growth and high confluence conditions 

and cell number was determined. Both extracts from pellets and media were plated in the 

Biocrates plate together with the calibration standards, and derivatized to be ready for UHPLC-

MS reading (for amino acids and biogenic amines) and FIA-MS/MS (for lipids, sugars and 

acylcarnitines) according to the manufacturer’s instructions. A total of 21 amino acids, 19 

biogenic amines, 90 glycerophospholipids, 15 sphingolipids, 40 acylcarnitines and hexose sugars 

were analysed.  

The data was normalized by protein and transformed into a Log2 scale. Clustering and heatmap 

and statistical analysis were performed using the Metaboanlyst web server(Chong et al., 2019). 

Stable Isotope-Resolved Metabolomics 

2.5 x 106 NCM460, SW480, SW620 and LiM2 cells were seeded in 100 mm plates and after 24 

hours the media was changed for either glucose 50% enriched in [1,2-13C]gluose, glutamine 50% 

enriched in [U-13C]glutamine, or unlabelled substrates. Cells and media were obtained for 

metabolite extractions at 6 and 24 hours after the labelled substrates were added.  

For polar intracellular metabolites analysis, the cells were washed with ice-cold PBS and 

scrapped with 1:1 metanol:water (adding first 1 mL of methanol, waiting for 1 minute and adding 

1 mL of milliQ water afterwards). Then, the samples were sonicated (3 cycles of 5 seconds) and 

2 mL of cold chloroform was added. After gentle shaking (30 minutes at 4ºC) the samples were 

centrifuged (20000 g, 15 minutes at 4ºC) and supernatand was completely dried under air flow. 

The extracted metabolites were derivatized by adding 50 μL of 2% methoxamine hydrochloride 

in pyridine for 90 minutes at 37ºC and (N-methyl-N-tert-butyldimethylsilyl) trifluoroacetamide 

+ 1% tertbutyldimethylchlorosilate) for 60 minutes at 55ºC before GC-MS analysis (Agilent 

7890A gas chromatograph coupled to a Agilent 7890A mass spectrometer, Agilent Technologies, 

Santa Clara, CA, USA) using electron impact mode. 

For intracellular ribose analysis, RNA was isolated from cell pellets using Trizol reagent, mixing 

it with chloroform. The aqueous phase was obtained and cold isopropanol was added and 

centrifuged 12000 g, 15 minutes at 4ºC. The samples were washed several times using cold 75% 

ethanol and isolated RNA was quantified using a Nanodrop spectrophotometer (ND 1000 V3.1.0, 

Thermo Fisher Scientific). The samples of purified RNA were hydrolyzed in 2 mL of 2 M HCl at 
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100ºC for 2 hours, dried under air flow and derivatized using 100 μL of 2% hydroxylamine 

hydrochloride in pyridine at 100ºC for 30 minutes and 75 μL of acetic anhydride at 100ºC for 1 

hour. Then, samples were dried under N2 flow and resuspended in ethyl acetate before GC-MS 

analysis using chemical ionization mode. 

For extracellular glucose analysis, glucose from cell culture media was isolated using Dowex-

1X8/Dowex-50WX8 ion-exchange columns and samples were dried under air flow. Purified 

glucose was derivatized by incubation with 100 μL of 2% hydroxylamine hydrochloride in 

pyridine at 100ºC for 30 minutes and 75 μL of acetic anhydride at 100ºC for 1 hour. Then, 

samples were dried under N2 flow and resuspended in ethyl acetate before GC-MS analysis using 

chemical ionization mode. 

For extracellular lactate analysis, lactate from cell culture media was isolated adding HCl and 1 

mL of ethyl acetate previous to air flow drying. Derivatization was performed by incubation with 

200 μL of 2,2-dimethoxypropane and 50 μL of 0.5 N methanolic HCl at 75ºC for 1 hour and then 

adding 60 μL of n-propylamine at 100ºC for 1 hour more. After drying under N2 flow, samples 

were filtered using glass wool through a Pasteur pipette and dried again under N2 flow. Then, 

samples were resuspended and incubated with 200 μL of dichloromethane and 15 μL of 

heptafluorobutyric anhydride at room temperature for 10 minutes, dried under N2 and 

resuspended under ethyl acetate before GC-MS analysis under chemical ionization mode.  

Isotopologue fractions for each metabolite were measured from raw data using MSD5975C Data 

Analysis (Agilent Technologies), integrating peak areas and then correcting for natural heavy 

isotope enrichment using the Midcor software package(Selivanov et al., 2017). 

Transcriptomics 

Transcriptomics data were obtained from the gene expression omnibus repository(Barrett et al., 

2013). For the cancer models (SW480, SW620, LIM1, LIM2), data was taken from GSE1323 

(SW480-SW620)(Provenzani et al., 2006) and GSE33350 (SW620-LIM1-LIM2)(Urosevic et al., 

2014). Because both sets shared the SW620 cell line, batch effect was corrected using the sva 

package for R(Leek et al., 2012). Transcriptomics for the NCM460 cell line were obtained from 

GSE41258(Sheffer et al., 2009) and could not be corrected for batch effects due to having only 

one replicate. 

Transcriptomics were mapped to reactions using the gene protein reaction rules (GPR) defined 

in Recon2.2(Swainston et al., 2016). In detail, first OR operators were replaced by “MAX()” 

operators and AND operators by “MIN()” in the GPR expressions. Then, GPR expressions for each 
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reaction were evaluated, replacing gene IDs by their respective transcript abundances. Under 

such system, a reaction catalyzed by multiple isoenzymes will be mapped to the maximum  gene 

expression values of all isoenzymes while reactions catalyzed by protein complexes will be 

mapped to the minimum transcript abundance of the complex’s components. 

Integrating extracellular flux measurements 

Measures of extracellular metabolite concentrations (measured either through 

spectrophotometric methods or targeted metabolomics) were used to compute the rate of 

metabolite uptake or secretion normalized by cellular volume using the following 

equation(Tarrado‐Castellarnau et al., 2017): 

𝑣𝑀𝑒𝑥
=

𝑀1 − 𝑀0

𝑁1 − 𝑁0
· 𝜇 ·

1

𝑣𝑜𝑙

Where, 

𝑣𝑀𝑒𝑥
 is the estimated rate at which the metabolite M is produced/consumed per cell volume

(µmol·h-1·(µl cell volume)-1) 

𝑀1 and 𝑀0 are metabolite abundances (µmol) measured at time points t1 and t0, respectively; 

𝜇 is the growth rate (h-1) 

𝑁1 and 𝑁0 are the cell numbers measured at time points t1 and t0, respectively. 

𝑣𝑜𝑙 is the cellular volume per cell (µl·cell-1).  

Exchange reactions in the cell line specific metabolic models were constrained to the 99.5% 

confidence intervals for 𝑣𝑀𝑒𝑥
 of the corresponding metabolites.

Integrating OCR measurements, Mito Stress and Mito Fuel Assays  

For the SW620, SW480 and LiM2 cell lines, Seahorse measurements were integrated to 

constraint the oxidative metabolism. Firstly, OCR measurements were used to constrain the rate 

of oxygen consumption in the cell line specific models. Next, the percentage of OCR associated 

to ATP synthase, measured in the Mito Stress Assay, was used to constrain the flux through ATP 

synthase. Finally, from the Mito Fuel Assay, the dependency and capacity for fatty acid oxidation 

were integrated as the lower and upper bound, respectively, for transport of palmitate into the 

mitochondria. 
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Integrating intracellular amino acid and biogenic amines measurements 

Metabolomics measured in the cellular pellet can be integrated with the proliferation rate to 

account for the dilution associated with proliferation. In the framework of constraint-based 

modeling, this can be represented by adding a sink reaction to measured metabolites the 

represents the requirements of metabolite synthesis to maintain the concentrations of such 

metabolite in steady state(Reimers and Reimers, 2016).  

𝑣𝑀𝑠𝑖𝑛𝑘
= [𝑀] · 𝑝 · 𝜇

Where: 

[𝑀] is the concentration of metabolite M  (µmol/mg prot) 

𝑝 is the protein per cellular volume (mg prot/µl cell volume) 

𝜇: is the proliferation rate in h-1

𝑣𝑀𝑠𝑖𝑛𝑘
 is the estimated flux through the sink reaction

To account for uncertainty, the 99.5% confidence intervals for 𝑣𝑀𝑠𝑖𝑛𝑘
 were added as flux

boundaries in the model.  

Using lipidomic measurements to personalize the biomass function 

Across the analysed conditions, the most abundant phospholipids were the 

phosphatidylcholines (PC aa) PC aa C34:1, PC aa C34:2, PC aa C36:1 and PC aa C36:2 (Figure 

S2.A). Such species represent isomeric phosphatidylcholines C x:y where x is the total carbon 

number of both chains and y is the total number of unsaturations. The relative abundance of such 

species in each cell line was used to customize the biomass function in each cell line specific 

model. 

Due to the large number of potential fatty acid chains combinations, Recon2.2 does not simulate 

individual phospholipid species. Instead, it simulates the fatty acid chains in phospholipids 

through an artificial “Rtotalcoa” metabolite that is synthesized from a combination of acyls-CoA 

with stoichiometric coefficients representing the relative abundance of each fatty acid chain in 

phospholipids.  

The most abundant fatty acids in mammals are reported to be oleic (C18:1), palmitate (C16:0), 

stearic acid (18:0) and palmitoleic (16:1), in that order(Sheikh et al., 2005). Hence, we assumed 

that the side chains of the phosphatidylcholines primarily consisted of such fatty acids (Figure 
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S2.B) and their relative abundance was used as coefficients for “Rtotalcoa” synthesis (Figure 

S2.C).  

It is worth noting, that even if other combinations of acyl-CoA can give rise to the measured 

isobaric phosphatidylcholines, the metabolic cost (NADPH, ATP, Acetyl-CoA) of producing any 

given phosphatidylcholine will depend primarily on the total length of the fatty acid chains and 

the number of unsaturations. Hence, the assumption that oleic, palmitate, stearic acid and 

palmitoleic, are the components of “Rtotalcoa” it’s a valid approximation. 

Integrating growth rates 

The proliferation rates for each cell line were integrated to reflect the different proliferation 

rates of the cell lines of study. First maximum biomass production in SW620(𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠
𝑆𝑊620 ) was

computed using FBA(Orth et al., 2010). Then the biomass production of the remaining cell lines 

was set as follows:  

𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠
𝑐𝑒𝑙𝑙 𝑙𝑖𝑛𝑒 = 𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠

𝑆𝑊620 ·
𝜇𝑐𝑒𝑙𝑙 𝑙𝑖𝑛𝑒 

𝜇𝑆𝑊620

𝑣𝑏𝑖𝑜𝑚𝑎𝑠𝑠
𝑐𝑒𝑙𝑙 𝑙𝑖𝑛𝑒  is then set as the upper bound for the biomass reaction allowing the models to 

accurately reflect the different growth rates of the different cell lines. 

13C MFA and GSMM integration  

The central metabolism flux map consistent with the measured 13C propagation and the 

measured rates of uptake and secretion for glucose, lactate and amino acids, and respiration 

data were computed in the framework of 13C MFA (Antoniewicz, 2018).  

13C MFA was performed in a metabolic network of central carbon metabolism built from 

Recon2.2. The network comprised 347 reactions including, glycolysis, TCA cycle, pentose 

phosphate pathway, energy and redox metabolism and the main pathways of amino acid 

metabolism and synthesis for biomass components.  

Using INCA (isotopomer network compartmental analysis) (Young, 2014), 95% confidence 

intervals for flux values were computed for all reactions in the network. Such confidence 

intervals were added as flux boundaries in the cell line specific GSMMs. While most reactions 

could be directly mapped, some reactions that were defined as single reactions in the 13C MFA 

network were defined as multiple reactions in Recon2.2 (i.e. a reaction that can occur in multiple 

compartments or a reaction that can take either NAD or NAPD as cofactor). In such instances, 

the 13C MFA confidence interval were used to constraint the summation of the flux through the 

equivalent reactions in Recon2.2. 
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Minimal cut set analysis 

From the project DRIVE database, the list of essential metabolic genes in SW480 and SW620 

was obtained(McDonald et al., 2017). A gene was considered essential if its Redundant 

siRNA Activity (RSA) score was equal or lower than -2. Conversely, a gene was defined as 

dispensable (i.e. not essential) if it had an RSA score larger or equal than -1.  

Minimal cut set (MCS) analysis(Apaolaza et al., 2017, 2018) was performed to identify the 

MCSs containing the essential genes identified in Project DRIVE. MCSs are minimal sets of 

genes or reactions whose simultaneous removal directly blocks a metabolic task, in this case 

biomass production. MCS analysis was run in Recon2.2 with extracellular metabolite 

availability in the media defined based on the composition of DMEM. Furthermore, blocked 

reactions were removed and reactions that could only be part of linear pathways were 

grouped. MCS analysis was set to seek  8 MCS containing each Project DRIVE essential gene 

and all reactions were evaluated as possible gene set candidates. As reported by Apaolaza et 

al(Apaolaza et al., 2017), in some instances the MCS algorithm can fail to reach optimality and 

provide a gene set, that although it contains MCS, is not minimal. When this occurred, we used 

FASTL(Pratapa et al., 2015) to identify the MCS within the returned set.  

It can be assumed that if a gene metabolic function is essential in a given cell line, then this 

gene will be part of a MCS where the other MCS members have low activity. To integrate this 

information for SW480 and SW620 the following workflow was used for each cell line: 

• Rank essential genes based on their RSA score (low to high).

• For each essential gene in the ranked list:

o Rank MCS containing the gene of interest based on the gene expression evidence 

of the reactions in the set, excluding reactions associated with the gene of interest. 

This is achieved by mapping transcriptomics to reactions using the GPR defined in 

Recon2.2. MCS with more than 8 reactions, not counting reactions associated with 

the gene of interest, are excluded.

o For each MCS in the ranked list

▪ Implement the MCS. Force the reactions in the set to be inactive, excluding

the reactions associated with the essential gene. Following the definition of

MCS the gene of interest is now an essential gene.

▪ Use FVA(Gudmundsson and Thiele, 2010) to evaluate if the MCS is 

consistent with:
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• Intracellular metabolomics (i.e., all detected metabolites 

can be produced).

• All measured rates of uptake and secretion and OCR 

measurements.

• 13C MFA flux intervals.

▪ Systematically simulate the effect of gene the KO for all metabolic gene 

defined as dispensable in Project Drive using FBA. Compute the number of 

false positives (dispensable genes that are predicted as essential by the 

model)

▪ If implementing the MCS a) increases the number of False positives OR b) is

inconsistent with metabolomics, flux measurements or 13C MFA:

• Revert the MCS implementation.

• Continue with the next MCS in the ranked list.

▪ Else:

• Continue to the next essential gene in the ranked list.

For LiM2, we implemented all the MCSs shared between SW480 and SW620 and the MCS in 

SW620 where none of the genes associated with the reactions in the set was significantly 

overexpressed. 

In total, 8 ,7 and 6 MCSs were implemented into SW480, SW620 and LiM2, respectively. 

Gene Inactivation Moderated by Metabolism, and Expression (GIMME) 

GIMME was used to integrate transcriptomics together with the aforementioned data sets 

(e.g., extracellular fluxes, metabolomics, 13C MFA, MCSs) to build cell line specific genome-

scale flux maps. GIMME optimizes biomass production and then performs a second 

optimization where fluxes through reactions are minimized with a weight that is a function of 

the gene expression value mapped to each reaction(Schmidt et al., 2013). In our analysis, the 

minimization weight (wi) of each reaction was defined as follows:  

𝑤𝑖 = 1 + max(𝑇ℎ − 𝑔𝑒𝑖 , 0) 

where, 

𝑔𝑒𝑖  is the gene expression value mapped to reaction i following the GPR rules defined in 

Recon2.2.  

𝑇ℎ is the gene expression threshold bellow which reactions are given additional minimization 

weight. In this analysis, it was set to maximum gene expression value for metabolic genes. 
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For each cell line, GIMME was run in a condition-specific GSMM obtained by implementing MCS, 

the personalized biomass function, metabolomics, respiration parameters, rates of metabolite 

uptake and secretion and 13C MFA flux intervals in Recon2.2 as detailed in the previous

sections. From the optimal GIMME solution, any inactive reaction with a mapped gene 

expression value under the 25th percentile of metabolic gene expression was removed. This 

allows pruning reactions catalyzed by lowly expressed enzymes from the network. Next, each 

flux was maximized and minimized to identify the ranges of feasible fluxes within the optimal 

GIMME solution with a tolerance of 99.9%(Schmidt et al., 2013). This space of solutions

represents the space of most likely flux distributions in the conditions of study.  

Finally, GIMME was also run with a 90% tolerance in a model integrating cell line specific

MCS and biomass function but no other cell lines specific measurements such as 13C MFA or 

metabolomics. Rather than representing the flux map under the conditions of study, the

purpose of this model is to represent the metabolic potential of each cell line. As such, in

such model, the flux boundaries for each reaction are modified to always include 0 (i.e., no

reaction is forced to be active). These models, that we termed base models, serve as a

framework to simulate gene KOs with MOMA(Segre et al., 2002).

Flux sampling and reference flux distribution selection 

From the GIMME, a space of solutions is identified for each cell line. However, such space is still 

relatively wide and a strategy to select the most representative and accurate flux distributions

from such space must be applied. For the SW480, SW620, LiM2 the following approach was 

used to select the most representative flux distributions: 

1. Compute 1000 flux samples from within the GIMME solution space. Flux samples were

computed using the Artificially Centered hit-and-run (ACHR) algorithm implemented

into COBRApy (Ebrahim et al., 2013; Heirendt et al., 2019). ACHR was run with a thinning

factor of 10000. The thinning factor defines the number of iterations between each

returned sample and a large thinning factor reduces the correlation between samples

resulting on a more representative set of samples.

2. Using each flux sample as a wild type flux distribution, systematically simulate the KO

with MOMA(Segre et al., 2002) of all metabolic genes analysed in Project DRIVE  in the

cell line specific base model.

3. Use the following equation to give a discrepancy score to each flux sample based on

how well they encapsulate gene essentiality/dispensability data:
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𝑆𝑗 = ∑ 𝑚𝑎𝑥(2 + 𝑅𝑆𝐴𝑖  ,0) · (1 −
𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝐾𝑂𝑖

𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑊𝑇
)

𝑖 ∈𝐷𝑅𝐼𝑉𝐸

 

Where: 

 𝑆𝑗 is the discrepancy score for flux sample j 

𝑅𝑆𝐴𝑖 is the RSA score for gene i (RSA scores have negative values and more 

negative values indicate more dependency on gene function). For LiM2, the 

DRIVE RSA measurements of for SW620 are used as it is the most closely 

related cell line. 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝐾𝑂𝑖  is the flux through the biomass reaction when the KO of gene 

i is simulated with MOMA(Segre et al., 2002) using flux sample j as input. 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠𝑊𝑇 is the flux through the biomass reaction in the wild type (no 

reaction inactivated).  

4. Select the top 100 flux samples with the least discrepancy score. The average of such

flux samples will be used as reference flux distribution for the cell line of study.

Such an approach primarily serves to reduce the number of false positives (i.e., genes predicted 

as essential by the model and described as dispensable in DRIVE) that might emerge from 

unrepresentative flux distributions. Sensitivity for essential genes did not increase in this step as 

essential genes were already integrated as part of MCS.  

For NCM460, lacking gene essentiality data from project DRIVE, 100 flux samples were 

computed with a thinning factor of 100000, and the reference flux distribution was defined as 

the average of such samples.  

Identifying putative metabolic targets 

To identify metabolic targets against colon cancer, gene KOs were systematically simulated for 

metabolic genes, single or in pairs. The reactions to be blocked by each gene KO(s) were 

determined by combining gene expression data with gene protein reaction rules of Recon2.2. 

A reaction was considered to be inactive if when a gene is inactivated (i.e., its expression set to 

0) the mapped gene expression value decreased at least 16th fold. Then the effect of reaction

KOs was simulated using the reference flux distribution computed for each cell line as input for 

running MOMA(Segre et al., 2002) in the framework of cell line specific base models.  

Single gene KOs were systematically performed for all cell lines under study. Conversely, for SL 

pairs, due to the larger number of combinations to test (175000>), all potential SL pairs were 

only evaluated in SW620. The SL gene combinations that resulted in a biomass production below 

15% of wild type in SW620 and displayed synergy were evaluated on the remaining cell lines. A 
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gene pair was considered to have synergy if the fraction of biomass production under the double 

KO was less than the product of the fraction of biomass production under the individual KOs.  

A gene or gene pair was considered a selective target if it reduced the biomass production to 

15% or less of the wild type in both SW620 and LiM2 while allowing a biomass production of 

30% or more in the NCM460 cell line.  

To predict the effect of gene KOs on carnosine and aspartate, the same approach was used but 

the flux through the sink reactions of carnosine and aspartate production were evaluated.  
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Figure 1

Figure 1. Characterization of the metastatic phenotype (A) Growth curve from 0-150h 

(changing the medium and measured each 24h). Medium DMEM 12,5 mM glucose and 4 mM 

glutamine, 5% FBS and 1% S/P.  (B) Cell volume measured by Scepter® at various incubation 

times.  (C) Spheroid formation assay done in low attachment plates and medium containing 

EGF, Bfgf, Heparine, B27, Insuline and Hydrocortisone. Quantification from images after a 

week incubation. (D) Migration area quantification from a wound healing assay for 0-48h of 

mitomycin incubation after the wound was made. (E) Epithelial and mesenchymal markers 

tested by western blotting. (F) and (G) AKT, P-AKT and c-MYC protein expression levels tested 

by western blotting. In all cases, a one-way ANOVA was performed for the factor “cell line”, 

and Scheffe’s test was used for multiple comparisons. Groups sharing the same letter do not 

show a significant difference with α=0.05. 
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Figure 2

Figure 2. Metabolic changes upon metastatic progression (A) and (B) Glucose uptake and 

lactate production rates measured by spectrophotometry after 24h of cell culture, normalized 

by cell volume. (C) and (D) PDH (Pyruvate Dehydrogenase), P-PDH (Phosphorylated Pyruvate 

Dehydrogenase at S293), GLS (Glutaminase) and GLUD1 (Glutamate Dehydrogenase isoform 1) 

protein expression levels tested by western blotting.(E) and (F) Glutamine uptake and glutamate 

production rates measured by spectrophotometry from 0 to 24h of cell culture, normalized by 

cell volume. (G) Predicted Fluxes for pyruvate dehydrogenase, citrate synthase and glutaminase. 

Cell lines with a distinct letter (a,b,c) had no overlap in the 100 flux samples obtained from the 

multiomics integration workflow. (H) Oxygen consumption rate (OCR) values normalized by cell 

volume at a baseline condition of 12,5 mM glucose and 4 mM glutamine. (I), (J) and (K) Mito fuel 

assay for glucose, glutamine and fatty acids for each cell line. Percentage of oxygen consumption 
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rate (OCR) in respect to basal OCR in H. All parameters were assessed with the convenient 

injections of 2 μM UK5099, 3 μM BPTES and 4 μM etomoxir. In A,B,E,F H,I,J and K, a one-way 

ANOVA was performed for the factor “cell line”, and Scheffe’s test was used for multiple 

comparisons. Groups sharing the same letter do not show a significant difference with α=0.05.  
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Figure 3 

Figure 3. Targeted Metabolomics Heatmap for intracellular content of amino acid, biogenic 

amines, and acyl-carnitines. Metabolite concentrations were normalized by protein 

concentration, mean-centered and divided by the standard deviation of each metabolite. 

Hierarchical clustering for samples and features was performed using the Ward algorithm and 

Euclidian distance. ANOVA was used to determine statistically significant features, and Fisher’s 

least significant difference method was used to evaluate statistically significant differences (a: 

SW480-SW620, b: SW480-LiM1 , c: SW480-LiM2, d: SW620-LiM1, e: SW620- LiM2, f:LiM1 - LiM2, 

g: NCM460-SW480, h: NCM460-SW620). Cx:y denotes an acylcarnitine carrying fatty acids with 

x carbons and y unsaturations.  
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Figure 4 

Figure 4. Metastatic cells are dependent on cystine uptake and vulnerable to system Xc- 

inhibition (A) Graphical representation of cysteine and glutathione metabolism. GSR: 

Glutathione-Disulfide Reductase. SLC3A1: B(0,+)-Type Amino Acid Transport Protein. SLC3A2: 

Solute Carrier Family 3 (Activators Of Dibasic And Neutral Amino Acid Transport), Member 2. 
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SLC7A11: Amino Acid Transport System Xc. SLC7A9: B(0,+)-Type Amino Acid Transporter 1. (B) 

Cell proliferation measured by DNA content using HO33342 under control conditions (+CYS)  

(12,5 mM glucose and 4 mM glutamine), under cysteine deprivation (-CYS) and adding N-

acetylcysteine to cysteine deprivation (-CYS+NAC). * t Student test for –CYS or -CYS+NAC vs 

Control conditions, p<0.05. (C) Precited fluxes through the Xc- and b0,+ system. (D) IC50 curve of 

the system Xc- inhibitor erastin assessed by cell proliferation measured by DNA content using 

HO33342 under various erastin concentrations after 72h incubation. (E) Percentage of early 

apoptotic cells measured by flow cytometry using Annexin V-PI under a concentration of 0.5 uM 

of erastin or control conditions after 72h incubation. In all cases, a one-way ANOVA was 

performed for the factor “cell line”, and Scheffe’s test was used for multiple comparisons. 

Groups sharing the same letter do not show a significant difference with α=0.05. 
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Figure 5 
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Figure 5. Metastatic cells are vulnerable to MTHFD1 and SHMT inhibition (A) Graphical 

representation of folate metabolism. CH2-THF: N5,N10 methylene-THF. CH3-THF: N5-methyl 

tetrahydrofolate. CHO-THF: N10-formyl tetrahydrofolate. CH-THF: N5,N10-methenyl 

tetrahydrofolate. THF: Tetrahydrofolate. DHFR: Dihydrofolate Reductase. GART: Trifunctional 

Purine Biosynthetic Protein Adenosine-3. LOC286297: Methylenetetrahydrofolate 

Dehydrogenase (NADP+ Dependent) 1 Like Pseudogene. MTHFD1: Methylenetetrahydrofolate 

Dehydrogenase, Cyclohydrolase And Formyltetrahydrofolate Synthetase1. MTHFD1L: 

Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)1 Like. MTHFD2: 

Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent) 2, Methenyltetrahydrofolate 

Cyclohydrolase. MTHFD2L: Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)2 

Like. MTHFD2P1: Methylenetetrahydrofolate Dehydrogenase (NADP+ Dependent)2, 

Methenyltetrahydrofolate Cyclohydrolase Pseudogene 1. MTHFR: Methylenetetrahydrofolate 

Reductase. SHMT1/2: Serine Hydroxymethyltransferase1/2. TYMS: Thymidylate Synthetase. (B) 

IC50 curve of the MTHFD1 inhibitor LY345899 determined by cell proliferation measured by DNA 

content using HO33342 under various LY345899 concentrations after 72h incubation.(C) 

Predicted flux values for different steps of cytosolic, mitochondrial folate and metabolism. Cell 

lines with a distinct letter (a,b,c) had no overlap in the 100 flux samples selected through 

multiomics integration workflow. (D) IC50 curve of the SHMT1 and 2 inhibitor SHIN2 assessed by 

cell proliferation measured by DNA content using HO33342 under various SHIN2 concentrations 

after 72h incubation. (E) Percentage of apoptotic cells measured by imaging with Incucyte® 

adding a caspase-3/7 green reagent with various SHIN2 concentrations after 72h incubation.A 

one-way ANOVA was performed for the factor “cell line”, and Scheffe’s test was used for 

multiple comparisons. Groups sharing the same letter do not show a significant difference with 

α=0.05. 
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Figure 6 

Figure 6. High PDH and citrate synthase activities protect SW620 and LiM2 from carnosine 

accumulation Simulated flux through the sink reactions for carnosine and aspartate in the wild 

type or under KO of citrate synthase or pyruvate dehydrogenase. Sink reactions are added to 

the model to simulate the required production of metabolites to compensate for their dilution 

due to cell proliferation. The flux through a sink reaction of a given metabolite is proportional 

to its intracellular concentration and the proliferation rate of the cell line. 
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Tables 

Table 1 Putative metabolic targets. List of the individual or synthetic lethal pairs identified that 

can selectively impair SW620 and LiM2 proliferation while having a lesser effect on NCM460. * 

Indicates essential genes described as such in the Project DRIVE database and integrated as 

part of MCS analysis. MTHFD1: Methylenetetrahydrofolate Dehydrogenase, Cyclohydrolase 

And Formyltetrahydrofolate Synthetase 1. GSR: Glutathione-Disulfide Reductase. PKM: 

Pyruvate Kinase M1/2. RRM1: Ribonucleotide Reductase Catalytic Subunit M1. PRODH: Proline 

Dehydrogenase 1 GUK1: Guanylate Kinase 1. SLC7A9: Solute Carrier Family 7 Member 9, 

SLC7A11: Solute Carrier Family 7 Member 11, SLC3A2: Solute Carrier Family 3 Member 2, SLC3A1 

Solute Carrier Family 3 Member 1, GPI: Glucose-6-Phosphate Isomerase CTH: Cystathionine 

Gamma-Lyase. DLST: Dihydrolipoamide S-Succinyltransferase. OGDH: Oxoglutarate 

Dehydrogenase. FASN: Fatty Acid Synthase, PPA2: Pyrophosphatase (Inorganic) 2. 

Gene(s) symbol 
The predicted fraction of growth compared to wild type 

NCM460 SW480 SW620 LiM2 

Sin
gle

 targe
ts 

MTHFD1* 100% 100% 0% 0% 

GSR* 99% 99% 0% 0% 

PKM 100% 0% 0% 0% 

RRM1* 99% 0% 0% 0% 

PRODH* 100% 0% 0% 0% 

GUK1* 100% 0% 0% 0% 

Syn
th

e
tic Le

th
al p

airs 

SLC7A9, SLC7A11 84% 85% 0% 0% 

SLC7A9, SLC3A2 84% 85% 0% 0% 

SLC3A1, SLC7A11 85% 85% 0% 0% 

SLC3A1, SLC3A2 85% 85% 0% 0% 

GPI, CTH 48% 42% 4% 7% 

GPI, DLST 38% 40% 5% 7% 

GPI, OGDH 38% 40% 5% 7% 

GPI, FASN 37% 28% 0% 0% 

GPI, PPA2 47% 18% 0% 0% 
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Table 2. IC50 values for the tested inhibitors. List of tested inhibitors and its IC50 values for 

NCM460, SW480, SW620 and LiM2 cell lines. The IC50 curves were performed assessing cell 

proliferation by staining DNA with HO33342 under various concentrations of the inhibitors. 

Erastin is an specific inhibitor of system Xc-, LY345899 is an specific inhibitor of MTHFD1/2 

(Methylenetetrahydrofolate Dehydrogenase, Cyclohydrolase And Formyltetrahydrofolate 

Synthetase 1/2), SHIN2 is an specific inhibitor of SHMT1/2 (Serine Hydroxymethyltransferase 

1/2), methotrexate is an inhibitor of DHFR (Dihydrofolate Reductase), pemetrexed is an 

inhibitor of DHFR, TYMS (Thymidylate Synthetase) and GART (Trifunctional Purine Biosynthetic 

Protein Adenosine-3), lometrexol is an inhibitor of GARFT and SHMT1/2. 

Inhibitor 
IC50 values 

NCM460 SW480 SW620 LiM2 

Erastin (μM) 0.65 ± 0.21 0.59 ± 0.15 0.11 ± 0.05 0.10 ± 0.06 

LY345899 (μM) 191.1 ± 9.9 178.3 ± 45.3 57.5 ± 9.2 58.1 ± 12.7 

SHIN2 (μM) 55.9 ± 5.7 19.8 ± 3.5 19.7 ± 3.3 20.8 ± 4.2 

Methotrexate (nM) 72.8 ± 5.2 14.97 ± 2.5 10.9 ± 3.4 9.7 ± 2.3

Pemetrexed (nM) 68.1 ± 4.3 29.9 ± 4.2 15.8 ± 3.2 16.3 ± 2.5 

Lometrexol (μM) 171.6 ± 20.4 4.2 ± 6.0 0.2 ± 0.2 0.5 ± 0.4 
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Supplemental Information 

Figure S1 

Figure S1. Metastatic cells are vulnerable to folate metabolism inhibitors (A) IC50 curve of 

methotrexate determined by cell proliferation measured by DNA content using HO33342 under 

various erastin concentrations after 72h incubation.  (B) IC50 curve of pemetrexed determined 

by cell proliferation measured by DNA content using HO33342 under various pemetrexed 

concentrations after 72h incubation.  (C) IC50 curve of lometrexol determinedd by cell 

proliferation measured by DNA content using HO33342 under various lometrexol 

concentrations after 72h incubation.  
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B: Most probable acyl chains for the most abundant phosphatidylcholines 

Isobaric species Most probable acyl chains 

PC aa C34:1 C16:0 + C18:1 

PC aa C34:2 C16:1 + C18:1 

PC aa C36:1 C:18 + C18:1 

PC aa C36:2 C18:1+C18:1 

C: Predicted relative abundance of each acyl chain each cell line 

Acyl chain NCM460 SW480 SW620 LiM2 

C16:0 25.5% 30.5% 30.3% 29.9% 

C16:1 19.9% 14.3% 13.8% 13.6% 

C18:0 4.3% 3.0% 2.9% 3.1% 

C18:1 50.4% 52.2% 53.0% 53.4% 

Figure S2: A Levels of the of the most abundant PC AA. ANOVA was used to determine 

statistically significant features, and Fisher’s least significant difference method was used to 

evaluate statistically significant differences. a,b indicates groups without statistically significant 

difference. B: Most probable acyl chains for each of the most abundant phosphatidylcholines C: 

Predicted relative abundance of each acyl chain each cell line.  
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Metabolic processes are altered in cancer cells, which obtain advantages from 
this metabolic reprogramming in terms of energy production and synthesis of 
biomolecules that sustain their uncontrolled proliferation. Due to the conceptual 
progresses in the last decade, metabolic reprogramming was recently included as one 
of the new hallmarks of cancer. The advent of high-throughput technologies to amass 
an abundance of omic data, together with the development of new computational 
methods that allow the integration and analysis of omic data by using genome-scale 
reconstructions of human metabolism, have increased and accelerated the discovery 
and development of anticancer drugs and tumor-specific metabolic biomarkers. Here 
we review and discuss the latest advances in the context of metabolic reprogramming 
and the future in cancer research.

Cancer is still one of the major causes of 
death worldwide and the statistics are dev-
astating. According to the WHO the global 
burden of cancer has risen to 14.1 million 
new cases and 8.2 million cancer deaths in 
2012 and the estimates predict that it could 
increase in its global incidence [1].

It was proposed 15 years ago by Hanahan 
and Weinberg that cancer development relies 
on the following basic biological capabili-
ties, known as the ‘hallmarks of cancer’ that 
are acquired during the multistep process of 
tumor development: the capability to sus-
tain proliferative signaling, resistance to cell 
death, evasion of growth suppression, ability 
of replicative immortality, tumor-promoting 
inflammation, genome instability and muta-
tion, induction of angiogenesis and activation 
of invasion and metastasis. Owing to concep-
tual progress in the last decade, two new hall-
marks, metabolic reprogramming and 
evasion of immune destruction, have been 
identified (Figure 1) [2]. 

Nowadays, it is widely recognized that 
metabolic reprogramming is essential to sus-
tain tumor progression. Several metabolic 
adaptations described in cancer cells, such 
as the metabolization of glucose to lactate in 

the presence of oxygen (Warburg effect), are 
quite common among different cancer types. 
These changes are promoted by genetic and 
epigenetic alterations producing mutations 
or alterations in the expression of key meta-
bolic enzymes that modify flux distributions 
in metabolic networks, providing advantages 
to cancer cells in terms of energy production 
and synthesis of biomolecules [3,4].

Understanding the mechanisms that trig-
ger metabolic reprogramming in cancer cells 
and its role in tumoral progression is crucial, 
not only from a biological but also from a 
clinical stance, since this can be the basis 
towards improving existing cancer therapies 
or developing new ones.

In this review, we discuss the role of: the 
crosstalk between oncogenic signaling path-
ways and metabolism; the influence of non-
genetic factors, such as tumor microenviron-
ment, on metabolic reprogramming of cancer 
and stromal cells; the changes in isoenzymes 
patterns as potential therapeutic targets; and 
the new computational tools used by a sys-
tems biology approach in drug-target and bio-
marker discovery based on genome-scale 
metabolic models (GSMMs). Finally, 
we also discuss the future challenges in 
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Abstract

Cancer metabolism is reprogrammed to fulfill the needs of
proliferation and migration, which is accomplished through
different levels of regulation. In recent years, new advances in
protein post-translational modifications (PTMs) research have
revealed a complex layer of regulatory mechanisms through
which PTMs control cell signaling and metabolic pathways,
contributing to the diverse metabolic phenotypes found in
cancer. Despite the efficacy of current modeling approaches
to study cancer metabolism they still lack the capacity to inte-
grate PTMs in their predictions. Here we will review the impor-
tance of PTMs in cancer metabolic reprogramming and
suggest ways in which computational predictions could be
enhanced through the integration of PTMs.
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Introduction
Cancer is a complex and heterogeneous disease, which
involves alteration of multiple biological processes.
Some of these alterations are geared towards metabolic
reprogramming, which provides advantages to cancer
cells in terms of energy production and synthesis of
biomolecules and is essential for tumor progression.
Understanding metabolic reprogramming in heteroge-
neous tumor cell populations is key to identify meta-
bolic vulnerabilities in cancer that can be exploited in
therapy [1].

Metabolism is a complex network of biochemical re-
actions that requires a systemic view. Computational
models have emerged as platforms to integrate multi-
omics data (genomics, transcriptomics, proteomics,
metabolomics, etc.), and therefore to understand the
underlying metabolic phenotype. However current
modeling approaches have a limited capacity to inte-
grate modifications that occur at a post-translational
level hence limiting their usefulness at analyzing
cancer metabolic reprogramming.

Here, we review recent studies regarding the role of
post-translational modifications (PTMs) in cancer
metabolic reprogramming, mainly focusing on central
carbon metabolism. In this context, we assess how
computational predictions through genome-scale meta-
bolic models (GSMMs) and kinetic models could be
enhanced through the integration of PTMs.

Metabolic reprogramming in cancer
The most common metabolic adaptation in cancer is the
Warburg effect, consisting of high glucose uptake,
glycolytic activity, and lactate production even under
aerobic conditions [2]. However, metabolic reprogram-

ming is not limited to the Warburg effect and usually
involves the enhancement of other essential metabolic
pathways including pentose phosphate pathway (PPP),
glutaminolysis, and amino acid and lipidmetabolisms [3].

Tumor cells display metabolic flexibility, which allows
them to undergo metabolic switches and use different
energy and carbon sources depending on their
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a b s t r a c t

Tracing metabolic fluxes, defined as the reaction and transport rates in living cells, is essential to char-
acterize metabolic phenotypes. One of the most informative methods to predict fluxes is stable isotope-
resolved metabolomics (SIRM). In SIRM, a biological system is fed with substrates labeled with stable
heavy isotopes. This isotopic label propagates along metabolic pathways and is incorporated into
metabolites. After incubation, metabolites are extracted, and the incorporation of the isotopic label is
quantified with isotope-sensitive analytical techniques, either mass spectrometry (MS) or nuclear
magnetic resonance (NMR). Here we review the most suitable and widely-used MS platforms and
methodologies for SIRM. We also provide an overview of state of the art in the analysis of SIRM data to
trace metabolic fluxes, covering both local flux predictions and network-wide flux analysis. Finally, we
highlight the role of SIRM in shaping our current understanding of metabolism in both health and
pathological conditions.

© 2019 Elsevier B.V. All rights reserved.

1. Introduction

Metabolic fluxes, defined as the reaction and transport rates in
living cells, are a close reflection of the metabolic phenotype [1].
Hence, tracing metabolic fluxes is key to understanding the
mechanisms of metabolic regulation in both health and disease.
Extracellular fluxes (rates of uptake and secretion of metabolites)
can be quantified by measuring changes in metabolite concentra-
tions in the extracellular media [2]. However, intracellular fluxes
cannot be directly estimated from measurements of intracellular
metabolite concentrations as they are not informative of the fluxes
leading to and originating from any given metabolite [3e5]. This

limitation has led to the development of stable isotope-resolved
metabolomics (SIRM).

In SIRM, a biological system is fed with one or more metabolic
substrates labeled with stable heavy isotopes (13C, 15N, 2H, 18O, etc.).
These labeled molecules, usually referred to as tracers, are metab-
olized by the system of interest through different metabolic
pathways. An isotopic label propagates in a time, flux and pathway-
dependent manner, generating characteristic labeling patterns in
metabolites, which can provide information about the fluxes
through pathways leading to such metabolites [1,2].

The propagation of a label from tracers to metabolites is quan-
tified by isotope-sensitive analytical techniques, namely nuclear
magnetic resonance (NMR) and mass spectrometry (MS). NMR
measures the resonance of nuclei with a net spin under a magnetic
field. NMR, which is commonly used as a structural determination
technique, can be used to quantify the abundance of positional
isotopomers (isomers with heavy isotopes substitutions in specific
positions) with isotopes that possess a net nuclear spin (e.g., 13C
and 15N) [6,7]. By contrast, MS separates and quantifies ionized
molecules based on their mass-to-charge ratio (m/z). Therefore, as
the mass of an ionized molecule will increase upon heavy isotope
incorporation, MS can be used to quantify the relative abundance of
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Abstract
Patient-derived metabolomics offers valuable insights into the
metabolic phenotype underlying diseases with a strong meta-
bolic component. Thus, these data sets will be pivotal to the
implementation of personalized medicine strategies in health
and disease. However, to take full advantage of such data sets,
they must be integrated with other omics within a coherent
pathophysiological framework to enable improved diagnostics,
to identify therapeutic interventions, and to accurately stratify
patients. Herein, we provide an overview of the state-of-the-art
data analysis and modeling approaches applicable to metab-
olomics data and of their potential for systems medicine.
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The brave new world of systems medicine
Systems biology treats biological systems as ensembles
of networks at multiple levels, starting from the mo-
lecular level and from there gradually addressing more
complex systems such as cells, tissues, organs, whole
organisms, and finally analyzing population dynamics.
Systems biology aims to describe and predict the
behavior of groups of interacting components. To do so,
it uses mathematical and computational tools to analyze
measurements collected by systematic high-throughput

technologies such as (post)genomics, metabolomics, or
proteomics among others. The goal of systems ap-
proaches is to boost our understanding of biology by
overcoming the limitations of reductive science, which
addresses individual genes, proteins, metabolites,
pathways, or cells, and thus does not account for the
properties emerging from their interactions [1,2].

Current medical science is mostly conducted using the
reductionist approach [3,4]. This limits our ability to
grasp how multiple variables interact with one another

to create emergent effects [3] and hampers our under-
standing of diseases, as well as our capability of deliv-
ering better treatments. Systems medicine can be
regarded as the application of systems biology to human
physiology in a clinical context [5,6]. It addresses the
aforementioned issues by applying iterative and recip-
rocal feedback between clinical research and practice
through computational, statistical, and mathematical
multiscale analysis. This includes modeling of disease
progression and remission, treatment responses, and
adverse events both at the epidemiological and patient

level. This new paradigm of systems science and med-
icine strongly complements the traditional reductionist
approach (Figure 1).
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