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Abstract

Cancer cells are known to express the Warburg effect—increased glycolysis and formation
of lactic acid even in the presence of oxygen—as well as high glutamine uptake. In tumors,
cancer cells are surrounded by collagen, immune cells, and neoangiogenesis. Whether col-
lagen formation, neoangiogenesis, and inflammation in cancer are associated with the War-
burg effect needs to be established. Metabolic modelling has proven to be a tool of choice to
understand biological reality better and make in silico predictions. Elementary Flux Modes
(EFMs) are essential for conducting an unbiased decomposition of a metabolic model into
its minimal functional units. EFMs can be investigated using our tool, aspefm, an innovative
approach based on logic programming where biological constraints can be incorporated.
These constraints allow networks to be characterized regardless of their size. Using a meta-
bolic model of the human cell containing collagen, neoangiogenesis, and inflammation
markers, we derived a subset of EFMs of biological relevance to the Warburg effect. Within
this model, EFMs analysis provided more adequate results than parsimonious flux balance
analysis and flux sampling. Upon further inspection, the EFM with the best linear regression
fit to cancer cell lines exometabolomics data was selected. The minimal pathway, present-
ing the Warburg effect, collagen synthesis, angiogenesis, and release of inflammation mark-
ers, showed that collagen production was possible directly de novo from glutamine uptake
and without extracellular import of glycine and proline, collagen’s main constituents.

Introduction

In a 1966 lecture to the meeting of Nobel Laureates at Lindau on Lake Constance, Otto War-
burg stated, “Cancer, above all other diseases, has countless secondary causes. But, even for
cancer, there is only one prime cause. Summarized in a few words, the prime cause of cancer is
the replacement of the respiration of oxygen in normal body cells by a fermentation of sugar.
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Normal body cells meet their energy needs by respiration of oxygen, whereas cancer cells meet
their energy needs in great part by fermentation. (. ..) From the standpoint of the physics and
chemistry of life this difference between normal and cancer cells is so great that one can
scarcely picture a greater difference. Oxygen gas, the donor of energy in plants and animals is
dethroned in the cancer cells and replaced by an energy yielding reaction of the lowest living
forms, namely, a fermentation of glucose” [1].

Increased glycolysis such as described by Otto Warburg is seen on PET scan. There is an
increased uptake of radiolabelled deoxyglucose by the tumor. This examination is now done
on routine basis to assess both how far the cancer has spread and response to treatment such
as chemotherapy or immunotherapy [2].

There is still debate on the definition of cancer. Sonnenschein and Soto proposed that can-
cer might be the consequence of tissue disorganization [3]. These two authors suggested that
carcinogenesis is a problem of tissue architecture, comparable to organogenesis during early
development, and that proliferation is the default state of all cells. The Warburg effect was first
described on isolated cells as an “aerobic glycolysis” fermentation process with increased secre-
tion of lactic acid. Whether this glycolysis is responsible of changes at the tissue level still needs
to be elucidated.

Macrophages and myeloid cells are key players in the activation of the tumor-associated
stroma. Macrophages, once established in the tumor stroma, play critical roles in stimulating
angiogenesis [4]. Extracellular secretion of cytokines, such as IL13 or TNFa, and lymphokines
is noticeable in the tumor stroma, as well as the presence of growth factor VEGF-A, which is
linked to tumor blood vessel formation [5]. On the other hand, collagen is the most abundant
protein in the extracellular matrix (ECM) and is essential for tissue architecture and function
[6]. Changes in collagen synthesis, deposition, and organization have been linked to tumor
progression and metastasis in cancer. Collagens and many other extracellular matrix molecules
are primarily produced by fibroblasts in tumors, and recent evidence suggests that tumor-
derived collagens play a role in tumor progression and metastasis [7].

In addition to glucose, glutamine has been found to be another key nutrient for cancer
cells. Glutamine may participate in the formation of collagen via different pathways [8-10]. It
is not known however if this is related to the Warburg effect [11]. As well, it has been shown
that lactic acid may act as an activator of one of the collagen-forming enzymes [12]. Hence,
relationships between Warburg effect and collagen need to be clarified. Whether inflammation
and angiogenesis are involved, since they are key players in the tumor microenvironment, also
needs to be investigated.

To gain deeper insights into the complex pathways involved in cancer metabolism, appro-
priate modelling methods must be used. In particular, metabolic modelling techniques are
used to represent cellular reactions within network structures for predicting outcomes through
computer-based analysis. Metabolic pathways of medical relevance such as the Warburg effect
can be observed on these network models [13].

Constraint-based modelling is a subdomain of metabolic modelling where the steady-state
assumption applies: variations over time of metabolite concentrations are not modelled. The
modeller is interested by metabolite quantities going into exchange reactions—metabolite
uptake or secretion—and in each reaction internal to the cell [14].

Flux Balance Analysis (FBA) is an optimization procedure allowing to compute metabolite
flux values for each reaction of the metabolic network model, in maximizing or minimizing an
objective function [15]. Usually the function to maximize is flux through a biomass reaction
simulating cellular growth. In the context of human cancer cells, the validity of such an optimi-
zation procedure might be discussed [16].
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Standard FBA is not sufficient to be representative of cells minimizing their limited number
of resources. Parsimonious FBA (pFBA) proposes to minimize the number of reactions found
within a FBA solution [17]. However, as optimization methods, pFBA and FBA do not account
for all possible alternate pathways.

An alternative method proposed—outside of an optimization scope—would be to retrieve
all minimal possible flux pathways of the network, in an enumeration procedure. This idea
entails the calculation of Elementary Flux Modes (EFMs), a formalism that characterizes the
all minimal sets of enzymes from a metabolic model operating at steady-state with all irrevers-
ible reactions proceeding in the appropriate direction [18, 19]. The method differs from flux
sampling, which consists in sampling linear program solutions [20]: EFMs are extremal rays of
the linear programming space.

After enumeration, EFMs are typically ranked and sorted, the less biologically significant
ones being excluded [21, 22]. EFMs analysis allows for a complete description of the network
and its possible flux distributions if all EFMs are enumerated, but unfortunately it is hardly
possible computationally to get all solutions as the size of the metabolic network grows [23,
24].

As a result, tools are being developed to enumerate only a handful of EFMs, a subset of solu-
tions of biological relevance [25, 26]. Recently, we have developed a powerful hybrid tool called
aspefm [26] that can efficiently compute subsets of Elementary Flux Modes (EFMs) on meta-
bolic networks while considering various biological constraints such as thermodynamic equi-
librium, transcriptional regulation, and biomass operating costs.

In this analysis, we harness the power of the aspefin method to compute EFMs in accor-
dance with exometabolomics data of 60 cancer cell lines on a medium-scale metabolic model.
We design constraints to select pathways linking the Warburg effect to tumoral growth, colla-
gen production, neoangiogenesis and inflammation response. We illustrate that EFMs analysis
yields a diversity of pathways among which we can select the most-fitting ones to clinical data.
Results of linear regressions are compared with parsimonious FBA and flux sampling, showing
that EFMs analysis yield the best-scoring pathways. Leading to insight into collagen produc-
tion from glutamine, the retrieved pathways enable us to propose a possible explanatory sce-
nario for the production of the tumoral stroma.

Results
Model description and methodology

In order to show our prospect that production of lactate from glucose, collagen from gluta-
mine and release of cytokines are linked together with tumoral growth in cancer cells, we com-
puted Elementary Flux Modes (EFMs) on a modified version of a core metabolic model of
central human metabolism: the C2M2NF model by Mazat and Ransac [27, 28].

C2M2NF, Central Carbon Metabolic Model with added Nitrogen and Folate, is a reduced
metabolic model of central carbon metabolism comprising about a hundred reactions and
metabolites total. The model possesses three compartments, external, cytoplasmic and mito-
chondrial. It includes an oxidative phosphorylation (OxPhos) reaction system, as well as mito-
chondrial transporters with pseudo-metabolites (DPH and DPSI) representing the proton
gradient through the mitochondrial membrane. Another pseudo-metabolite (PMFm) derived
from this gradient is used to represent the mitochondrial protomotive force. Finally, the model
possesses a biomass reaction, modelling tumoral growth.

In this work, we added amino acid transporter reactions for the remaining amino acids
not considered in C2M2NF, reactions related to amino acid degradation, synthesis of colla-
gen and inflammatory response markers, and thus obtain our own version of the model,
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Table 1. Mean +/- SD exchange fluxes intervals from NCI-60 exometabolomics data. Includes glucose, lactate, XTP, pyruvate, formate, and amino acids, from which we

derive constraints for our model. Minus (-) symboli:

zes uptake while plus (+) symbolizes secretion. Experimentally induced constraints are separated into two kinds: hard

constraints (red bold font) and desired observations (normal font), indicating different types of logical constraints.

Metabolite Glucose Lactate Glutamine | Glutamate | Serine Glycine Alanine Proline Asp Asn | Arginine
Mean +/- SD cancer cell -326.87 +/- | 442.20 +/- | -82.48 +/- 13.54 +/- -11.57 +/- | 0.96 +/- 2.97 15.89 +/- 1.21 +/- -3.33+/- | -4.90 +/-
exchange flux interval 196.12 289.40 56.20 16.99 7.05 13.34 1.49 3.39 4.44
Corresponding constraint | — + — + - +/- + +/- - -
Metabolite TIV (Thr, YFLKW (Tyr, Phe, Leu, Nucleotides (XTP) Pyruvate Formate Histidine | Cysteine | Methionine
Ile, Val) Lys, Trp)
Mean +/- SD cancer cell -14.90 +/- | -19.80 +/- 10.57 0.10 +/-0.22 Uncalibrated | Data Data 0.05 +/- -2.11 +/-
exchange flux interval 7.99 data missing missing 0.08 1.23
Corresponding constraint | — - +/- + +/- - +/- +/-

https://doi.org/10.1371/journal.pone.0313962.t001

which we could call C2M2NFS, for Central Carbon Metabolic Model with added Nitrogen,
Folate, and Stroma formation. Stroma formation is itself characterized by collagen synthesis,
inflammatory response markers IL15 or TNFe, and growth factor VEGF-A, linked to
neoangiogenesis.

We provided the C2M2NFS model in SBML format in S1 File. An important point of note
is that, as in C2M2NF, for simplicity, metabolism of the following amino acids: (Asp and
Asn), (Thr, Iso, Val), (Tyr, Phe, Leu, Lys, Trp) are conflated together. In particular, the latter
two groups are combined into single metabolites: TIV and YFLKW, and their uptake
(TIVUP, YELKUP) or catabolism (TIVDG, YFLKWDG) are defined by single group reac-
tions [28]. This is beneficial for EFMs analysis as it allows for working with a smaller-scale
model.

Given these informations, in a similar vein to the analysis conducted in Mazat [28], we
retrieved exometabolomic data from Jain et al on the NCI-60 cell lines [29], including an esti-
mation of exchange fluxes for a total of 60 cancer cell lines in fmol / cell / h. Considering the
standard deviation and mean exchange fluxes of the cellular lines, we separated the global
experimental observations: uptake, secretion, or both, into two categories of constraints for
our computation: hard constraints, what we force as an input constraint for our computation,
and desired observations, inputs we expect to observe in the minimal pathways, but do not
force. The resulting constraint data is reported in Table 1.

Encoding ‘hard constraints’ and ‘desired observations’ as logical constraints for the compu-
tation of EFMs, we were able get subsets of EFMs presenting the desired phenotypes. Warburg
effect and glutamine uptake were included as ‘hard constraints’, while the rest of experimental
observations were included as ‘desired observations’.

As well, only EFMs presenting flux in all of three metabolic functions: cell proliferation,
stroma response and collagen formation, were sought for. And in particular, we required
through linear constraints that more flux is going into collagen synthesis and factors recruit-
ment than biomass. Finally, a size limit constraint was added, helping to limit flux utiliza-
tion. This allows for enumerating a smaller subset of minimal pathways observed with
EFMs.

Note that the ‘hard constraints’ on Warburg effect and glutamine uptake coupled with the
linear constraints on biomass growth, inflammation and collagen production makes it so that
all EFMs obtained contain Warburg effect and tumoral growth—as well as glutamine uptake,
inflammation and collagen production. There are still uncertainties on how Warburg effect
and tumoral growth are linked [30, 31].
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Minimal pathways linking Warburg effect to collagen production,
inflammation and angiogenesis markers production show high variability
in usage of the tetrahydrofolate cycle

After running enumeration of EFMs with aspefm for 3.5 days, a sample of 747 unique minimal
pathways were obtained. These metabolic pathways spanned a large diversity of possible inputs
and outputs, including the varying flux yield values of metabolic reactions. The statistics of
yield values of the principal reactions of interest were plotted in Fig 1. A complete view of the
statistics of exchange yields in our EFMs can be found in S1 Table.

As demanded by our constraints, all obtained EFMs showed Warburg effect, glutamine
consumption, tumoral growth, production of collagen, either inflammation markers IL18 or
TNFa, representing cell inflammation, and growth factor VEGF-A, representing neoangiogen-
esis. We provided the obtained EFMs in S2 File.

For ‘desired observations’, the EFMs either respected observations from Table 1, or did not
input any flux into the exchange reactions. Despite not being ‘hard constraints’, some amino
acids clusters were observed to be consumed in all minimal pathways for tumoral growth and
stroma production: cysteine, histidine, TIV and YFLKW. These particular cases were con-
firmed to be essential reactions with our constraints using FBA.

Conversely, consumed-only amino acids arginine, serine, aspartate and asparagine, were
more often than not absent from consumption by EFMs. Similarly, secreted-only amino acids
including glutamate and alanine often did not appear to be produced. Among the most com-
mon motifs that compose variability in reactions in EFMs, we noticed four vastly fluctuating
exchange reactions (S1 Table) that appear related to usage of the tetrahydrofolate (THF) cycle:
formate (SD: 2.40), glycine (SD: 3.36), methionine (SD: 0.60), and serine (SD: 3.30).

EFMs analysis displays stronger results in linear regression to mean flux
data than parsimonious FBA and flux sampling

For each elementary mode obtained with our analysis, we performed a linear regression of
their non-null uptake mode values to the corresponding mean uptake fluxes of the NCI-60
cancer cell lines, as were reported in Table 1. A large diversity of regression scores for EFMs
analysis is observed, ranging from a R” of 0.005 to a R* of 0.98, and from a RMSE of 26.9 to a
RMSE of 184.5. The analysis of the 747 EFMs, reordered by linear regression score, is summa-
rized in Fig 2.

As discussed previously, the validity of using Flux Balance Analysis for modelling healthy
and tumoral cells can be controversed [16], and in our case we aim to model not just one meta-
bolic function of the cell, growth, but three simultaneously: growth, production of collagen,
and production of stroma markers. For comparison to EFMs analysis, a solution to Parsimoni-
ous Flux Balance Analysis (pFBA) with the same constraints was computed. We added a
marker in Fig 2 for the score obtained by pFBA in the same linear regression against the mean
exometabolomics data.

The pFBA solution is visualized with EscherPy in S2 Fig. In the pFBA solution, a clear bias
is seen towards the objective function, which was set to sum of production fluxes BM, COL-
LAG and STRO. As an example, the flux of reaction CBS is saturated to 15.0 which is the
upper bound set to every flux, and three more amino acids were found imported than for the
optimal EFM solution. Both inflammation markers IL15 and TNFe are produced, while only
one of those could have been necessary at a given time. Warburg effect’s lactate over glucose
ratio is of -0.08, which does not match the ratios of the best scoring EFMs and of the mean exo-
metabolomics data, of around -1.35, possibly explaining the pFBA solution’s regression score
around the worst 10% of EFMs. These characteristics of the pFBA solution show that relying
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Boxplots of mode values across EFMs solutions
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Fig 1. Statistics of our principal reactions of interest among all 747 EFMs. EX_Biomass: tumoral growth, EX_Collagen: collagen production,
EX_Stroma: recruitment of inflammation markers IL13 or TNFe, and growth factor VEGEF-A, EX_GLUC: glucose consumption, EX_GLN: glutamine
consumption, EX_LAC: lactate production, EX_FOR: formate consumption or production, EX_GLY: glycine consumption or production, EX_PRO:
glycine consumption or production, EX_SER: serine consumption, EX_ASP: aspartate and asparagine consumption, EX_ARG: arginine consumption.
In the case of EX_FOR, EX_GLY, EX_PRO, negative values represent consumption, and positive values represent production.

https://doi.org/10.1371/journal.pone.0313962.g001

on an objective function is not always the most appropriate choice. Meanwhile, EFMs analysis
performs no maximization and returns a diverse panel of minimal pathways that the cell can
alternate between at each given time.

A better suited comparison to EFMs analysis than pFBA could be flux sampling [20].
Therefore, we also performed flux sampling on our model and linear regression of non-null
exchange fluxes of all flux sampling solutions towards mean NCI-60 dataset exometabolomics
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RMSE and R? of all EFMs solutions in fits against the mean exometabolomics data
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Fig 2. RMSE and R scores of linear regressions to mean NCI-60 flux data, performed on all 747 EFMs solutions. Indicated by a vertical cyan line,
the R? score of the pFBA solution was reported on this graph for comparison with the R? of the EFMs solutions.

https://doi.org/10.1371/journal.pone.0313962.9002

data. We chose flux samples of size #n = 1000 and n = 50000. We present the results of the
regressions in Fig 3. Flux sampling achieves a maximum R” to mean exometabolomics data of
0.70 with a sample of 1 000 solutions, and a maximum R? of 0.87 with a sample of 50 000 solu-
tions. While, with a sample of 747 EFMs, we are able to reach a maximum R? of 0.98. We also
observe that EFM analysis achieves both the highest and lowest scores of RMSE, suggesting a
seemingly wider variety of solutions calculated, although not all EFMs respecting the con-
straints were computed. Unlike sampled fluxes, EFMs are indeed, by nature, extremal
solutions.

Optimal EFM fit to mean exometabolomics data exhibits de novo synthesis
of collagen from glutamine, without uptake of proline or glycine

In order to derive a single pathway of interest, we should select the EFMs that best fits the
mean exometabolomics data. We provide in Fig 4 the linear regression analysis of the EFM
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Comparison of experimental data fit between flux sampling and EFMs sampling
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Fig 3. Comparison of exometabolomics data fit between flux sampling and EFMs sampling. Boxplots of regression score values—RMSE and R*—
for fitting to mean NCI-60 flux data, for the flux sampling of 1 000 or 50 000 solutions obtained with OptGPSampler, and using the 747 EFMs
computed with aspefm in this study.

https://doi.org/10.1371/journal.pone.0313962.9g003

that best fits the mean exometabolomics data, with scores of R* of 0.98 and RMSE of 26.9.
Principal reactions of the EFM were also represented in Fig 5 with the EscherPy software [32].
Notably, this EFM is numbered 412 among our 747 EFMs.

The optimal metabolic pathway is characterized by the secretion of TNFa as the inflamma-
tory response marker, VEGF-A as a representant of neoangiogenesis, consumption of the fol-
lowing amino acids: glutamine, cysteine, histidine, arginine, TIV, and YFLKW; collagen
production and Warburg effect. Nucleotide synthesis is performed above biomass require-
ments which results in nucleotide secretion. The tetrahydrofolate cycle is used through cyto-
solic reaction SHMT1, and mitochondrial reactions MTHFD1L, MTHED2.

No external consumption of glycine or proline is observed, indicating that in the case of
this elementary pathway, amino acids glycine and proline, going into collagen synthesis and
representing about 50% of the collagen content, are synthesized de novo, purely through other
metabolic reactions and catabolism of other amino acids.

In particular, fluxes of notice include high glutamine consumption (-2.48), which is con-
verted into 2.01 units of glutamate through nucleotide synthesis by the NUC reaction (0.87).
Glutamate is also obtained from o-ketoglutarate (¢KG) using the GOT1 reaction (-3.95).
From these 5.96 units of glutamate, 3.25 units go into mitochondria and get converted into
oKG, from which 0.24 units are transformed to citrate through reverse tricarboxylic acid cycle
usage, then to oxaloacetate and acetyl-CoA, contributing to biomass lipids production.
Among the remaining cytosolic glutamate units, 0.72 units are converted into serine by SER-
SYNT, 0.95 units are used for proline production, 0.48 units are used for alanine synthesis,
0.43 units are used for VEGF-A and TNFe production, 0.11 for collagen formation. And from
the produced serine units, 0.13 units are converted into glycine through the use of SMHTI.
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Thus, glutamate can be converted into proline by reaction PROS, hydroxyproline through
reaction HPRO, and glycine through reaction SERSYNT and then use of the THF cycle with
reaction SHMT1 to convert serine into glycine, making up for the three principal collagen con-
stituents. We believe that the best EFM fit not importing both of those collagen constituents
but making use of glutamine—converted to glutamate and serine—to produce proline and gly-
cine de novo is a result of major importance shown by our model and our methodology.

Best scoring EFM is shared among the majority of cell lines, and is aspecific
to particular cancer types

To assess the validity of our optimal EFM for the cancer cell lines, we pushed the analysis fur-
ther, calculating the linear regressions of non-zero uptake reaction values of EFMs to the
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Fig 5. EFM with the best fit to mean exchange fluxes from NCI-60 exometabolomics data. 70 reactions of most interest of C2ZM2NFS are shown,
including most cytosolic transporters and some mitochondrial transporters but not mitochondrial TCA Cycle. Visualization of the reactions is done

through the EscherPy Python package.
https://doi.org/10.1371/journal.pone.0313962.9005

singular exometabolomics data of each cell line, instead of to the averaged data as done previ-
ously. This will also allow us to investigate whether certain cancer types are more prone to

using this EFM or another.
As it turns out, our best ranked EFM against the mean exometabolomics data, EFM 412,

also ranks best overall against all sixty cell lines, with most amount of first places. We represent
the linear regression scores for the 4 best-ranking EFMs against all 60 cell lines in Fig 6. Of the
linear regressions, EFM 412 arrives in first place for 42 out of 60 cell lines, EFM 738 arrives in
first place for 14 solutions, and EFMs 388, 389 and 393 (not pictured, R? = (0.882) share the
remaining 4 first places. Interestingly, if instead of counting the number of first places, average
regression score across all sixty lines is compared, then EFM 412 is still first with R2 =0.973,
but EFM 388 is second with R? = 0.965, EFM 389 is forth, with R = 0.961, and EFM 738 is
fifth with R? = 0.960.

Most importantly, EFM 738 is the first suboptimal EFM to replace the intracellular use of
SERSYNT by extracellular import of serine with EX_SER. On average, the first 4 EFMs with
intracellular serine production are better suited for the variety of cell lines proposed, but for 14
particular cell lines, EFM 738 surprisingly scores above EFM 412.
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Regression scores for best ranking EFMs across all 60 NCI-60 lines
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Fig 6. Linear regression scores for best ranking EFMs across all NCI-60 lines. Plot of R” linear regression scores for 4 top ranking EFMs, over all sixty

cell lines, sorted by cancer cell types. CNS: Central Nervous System. SERSYNT: usage of intracellular serine synthesis reaction. EX_SER: extracellular
serine import. Here the two reactions are mutually exclusive.

https://doi.org/10.1371/journal.pone.0313962.9006

We were not able to determine in which ways the flux values differed between the cell lines
on which EFM 412 had the highest regression score and the cell lines on which EFM 738 had
the best scores. However, we suggest that slight differences in flux yields, including Warburg
effect yield, glutamine over glucose ratio, and in nucleotide and amino acids consumption,
including serine, glycine and proline, might be decisive for a selected cell line to switch
between the use of SERSYNT and the use of EX_SER.

In EFM 738, since SERSYNT is replaced by EX_SER, collagen constituant glycine is synthe-
sized from extracellularly imported serine. In even lower-scoring EFMs, in addition to using
EX_SER, the cell utilizes exchange reactions EX_GLY and EX_PRO to gather the collagen con-
stituants, although import rates observed on the model do not match with well experimental
data values.

In conclusion, EFM 412, where serine, glycine, and proline are synthesized de novo, is the
best scoring EFM of our model’s analysis among all sixty cell lines. Fig 6 suggests that the EFM
is aspecific to any particular cancer type (e.g. Renal, Prostate, etc.). We further inspected speci-
ficity to all cancer types by computing again which EFM obtains the best linear regression
scores, this time against averaged data for each cancer type. Expectedly, EFM 412 scored as
first in terms of R, regardless of the cancer type. Regression scores for EFM 412 against cell
types are given in S2 Table.

A closer look at tumoral stroma production in the light of Warburg effect

In this work, we selected a subset of EFMs, which displays Warburg effect, and rates of colla-
gen production, inflammatory markers and angiogenesis markers synthesis constrained to be

PLOS ONE | https://doi.org/10.1371/journal.pone.0313962 December 3, 2024 11/22


https://doi.org/10.1371/journal.pone.0313962.g006
https://doi.org/10.1371/journal.pone.0313962

PLOS ONE

Warburg effect is linked to collagen formation, angiogenesis and inflammation in cancer

-

Glutamine

Glucose

|

(" Cancer cell

J

Glu
Glu
.
oKG ———— OAA + AcCoA ————f— i ™™
Pyr Lactate

Fig 7. Explicative model of tumoral stroma production in light of amino acid metabolism and the Warburg effect. Two parallel pathways are
observed, glycolysis and glutaminolysis. Abbreviations are amino acids three letter codes, Hyp: hydroxyproline, AA: amino acids, aKG: a-ketoglutarate,
Pyr: pyruvate, OAA: oxaloacetate, AcCoa: acetyl-CoA.

https://doi.org/10.1371/journal.pone.0313962.9007

above biomass production. We proposed a novel methodology in metabolic modelling, differ-
ent from the usual hypothesis that reaction fluxes in the cell only contribute to optimizing its
growth. We specifically chose not to integrate the functions of synthesizing collagen and
recruiting VEGF-A, IL1f, and TNFa into the biomass, as we believe these are separate cell
functions, and that for a tumoral cell getting rid of its excess nutrients, namely glucose and glu-
tamine, through tumoral stroma formation, is a priority over proliferation.

Our methodology could highlight, in accordance with experimental data, that in a tumoral
cell undergoing Warburg effect, several interchangeable pathways using different variable
combinations of amino acids were available for the synthesis of our four proteins of interest—
collagen, VEGF-A, IL13, and TNFa. Note that Jain and coauthors showed that glycine, serine
and the THF cycle held a pivotal role in cancer cell metabolism [29]. We computed EFMs
according to their exometabolomics data, and our model’s solutions also corroborated these
hypotheses.

Additionally, by taking the EFM most in accordance with physiological data we found that
glycine, hydroxyproline and proline, the three major components of collagen, could be synthe-
sized endogeneously solely from glutamine, which is converted to glutamate in our model by
using the nucleotide synthesis reaction. It is well-known that glutamine-derived glutamate can
be converted into proline through 1-Pyrroline-5-carboxylic acid, and then to hydroxyproline
[9, 10]. Then, the use of serine synthesis from glutamate and THF cycle usage would allow the
cell to obtain its glycine requirement to synthesize collagen, presenting a phenotype typical of
the one observed in the stroma around cancer cells. No extracellular proline, glycine or serine
import would in fact be needed.

In light of these findings, we devised a graphical model of how tumoral stroma might be
conceived, presented in Fig 7. The graphical model includes the main findings observed in our

PLOS ONE | https://doi.org/10.1371/journal.pone.0313962 December 3, 2024 12/22


https://doi.org/10.1371/journal.pone.0313962.g007
https://doi.org/10.1371/journal.pone.0313962

PLOS ONE

Warburg effect is linked to collagen formation, angiogenesis and inflammation in cancer

optimal pathway represented in Fig 5, namely: glucose is fermented into lactate through glycol-
ysis, and glutamine is converted into glutamate, which is transformed into the main amino
acids for collagen production, and into acetyl-CoA lipid bricks helping tumoral growth.
Finally, the amino acid pool formed through amino acid biosynthesis and amino acid uptake
is used to synthesize inflammation and neoangiogenesis markers, helping to recruit the cells
composing the tumoral stroma.

It is interesting to note that the two renowned cancer hallmarks, aerobic glycolysis and glu-
taminolysis, undergo parallel pathways, glycolysis leading to lactate acidifying the tumoral
stroma medium and glutaminolysis leading to increased production of biomass lipids and col-
lagen. Finally, we would like to address an issue that could be raised seeing that standard
tumoral cells are not specialized in producing collagen like fibroblasts. Whether or not colla-
gen is produced by the main tumoral cell or by cancer-associated fibroblasts [33], and whether
or not fibroblasts themselves undergo Warburg effect as well, as has been hypothesized [34,
35], is not an issue to our metabolic modelling analysis. Indeed, our model could alternately
represent a cancer-associated fibroblast producing collagen, or a neighbouring tumor cell
which secretes glycine, proline, and hydroxyproline in excess into the fibroblast medium.

Discussion

Over the years, interest in the constraint-based modelling community has mostly been ori-
ented more towards Flux Balance Analysis-related methods than Elementary Flux Modes, as
the latter are effectively more time-consuming and expensive to compute. However, Flux Bal-
ance Analysis has the drawback of partaking in maximization of an objective function, which
is an assumption that cannot necessarily correlate with biological observations. The solution
obtained from Parsimonious Flux Balance Analysis (pFBA), a bilevel optimization problem
with minimization of the sum of reactions on top of maximization of the objective function,
was unable to fit to the experimental data (R* = 0.044), scoring as low as the ten percent worst
EFMs (Fig 2, S1 Fig). Thus, in the case of this application to cancer, we argue that the maximi-
zation approach, optimizing the sum of flux going into tumoral growth, collagen formation
and inflammation markers production, was not an adequate answer to our problem. As well,
one might suggest the use of flux sampling rather than EFMs, with methods such as OptGp-
Sampler [20]. However, perhaps due to the different nature of solutions sampled, we found
that flux sampling also did not answer to our problem quite as well as EFMs: achieving a maxi-
mum R* score of linear regression to mean exometabolomics data of 0.87 with a sample of 50
000 solutions (Fig 3), while EFMs analysis reached a maximum R” of 0.98 with a sample of 747
EFMs. Therefore, we argue there is a clear need for Elementary Flux Modes analysis, possibly
constrained rather than exhaustive, to sample biologically relevant subsets of EFMs.

Although our C2M2NFS metabolic model of 150 reactions would be considered of a rela-
tively small scale by today’s standards, enumeration of EFMs using EFMTool could not finish
or yield any results at all [23]. This due to the way its implemented algorithm, Double Descrip-
tion, works [36]. Previous attempts on networks of around this size had to split the model in
multiple smaller networks to complete enumeration [37], or resorted to MILP, which may be
restricted by minimizing solution size [25]. Another kind of method emerged for networks
over this size using Lexicographic Reverse Search [38]. On the other hand, aspefm can yield
results on metabolic networks of this size and over, up to thousands, very easily, and it is able
to handle biological constraints, which is ultimately the goal in EFM analysis. The tool can
yield any new EFM in reasonable time—however, downsides appear from choosing con-
straints that are too difficult to filter out, which unfortunately includes most linear ones [39,
40]. When that is the case, aspefm spends most of its time filtering out solutions that are not
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EFMs instead of finding EFMs, and its enumeration must thus be eventually stopped with a
time limit—in our case 3.5 days. These are points of major improvement for our tool in the
future.

The debate on whether cancer is a genetic disease, a pathological ecosystem [41] or merely
that cancer cells are unable to oxidize glucose properly and rely on fermentation is still not set-
tled. Warburg postulated that cancer relies heavily on glycolysis and that pyruvate is preferen-
tially converted to lactate instead of continuing to Krebs cycle to be converted to ATP by the
oxidation phosphorylation where oxygen is needed [42]. This phenomenon—“aerobic glycoly-
sis”—is now recognized as a hallmark of cancer [4, 43]. On the other hand, it has been shown
that the stroma plays a key role in tumor development and progression. The stroma is marked
by the appearance of cytokines such as IL15 and tumor necrose factor TNFe, and growth fac-
tor VEGF, causing recruitment of new immune cells and blood vessels [43]. As well, glutamine
metabolism is accelerated in cancer cells as opposed to healthy, non-proliferating cells, conse-
quently the demand is larger to meet the energy and biomass production needs [44, 45]. Com-
bining calorie-restricted ketogenic diet with glutamine targeting in late-stage experimental
glioblastoma has shown clear therapeutic benefits [46]. The triple helix shape of collagen is
made up of three polypeptide chains that are coiled around one another. Glycine, proline, and
hydroxyproline residues are prevalent in these chains [47]. The production of hydroxyproline,
which is necessary for the stability of the triple helix collagen structure, is facilitated by gluta-
mine [8, 48, 49]. Interestingly, our model finds that endogenous collagen production is possi-
ble from glutamine only, with no glycine or proline uptake requirement. This result strongly
suggests a possible key role of glutamine in the formation of collagen in cancer.

Mazat and Ransac’s model, C2M2NF, which we extended for this study, proves to be a
great tool for exploring ‘aerobic glycolysis” and glutamine metabolism [27]. Similarly to a
study by Mazat [28], we retrieved the exometabolomics cancer cells dataset by Jain and collab-
orators. In their dataset, Jain and collaborators categorize uptake and secretion fluxes of sixty
cell lines by their origin tissue [29]. To determine the EFM best in agreement with experimen-
tal data, we took the EFM with best linear regression fit to mean flux values of all cell lines
regardless of their origin tissue. To further the analysis, we took our optimal EFM, and tested
linear regressions against only specific types of cell lines, and finally against all cell lines. We
found that our EFM showed no specificity to any of the tumor cell lines, achieving first ranking
scores in almost all cases (Fig 6, S2 Table). Alternatively, the issue of tissue specificity, which is
of great interest for our study, could be achieved by using larger-scale organ-specific metabolic
models [50].

While this EFMs analysis is modelling at a medium-scale level, it should be kept in mind
that selected constraints apply. Selected biological constraints are of major importance for us
to keep the number of solutions to manually analyze low. And aspefm’s specialty is its ability to
account for many constraints [26]. Yet the analysis being stopped after a time limit, and con-
strained rather than exhaustive, means that some elementary metabolic pathways also descrip-
tive of biological processes of interest might have been filtered out by our methodology. It
should also be noted that the steady-state assumption for intracellular metabolites is a strong
hypothesis, ignoring all internal thermodynamic and time-dependant processes at play.
Finally, other modellers might consider a smaller-scale level analysis such as the one presented
in Braakman and Smith [51] appropriate. Or, alternatively, a larger-scale, extracellular view of
the mechanisms in play in collagen formation and recruitment of the multifunctional stroma
might be of interest. In particular, metabolic modelling has recently seen a number of
advances: the construction of a whole human body metabolic model [50], and particular
emphasis on metabolic interactions between cells at the multicellular level [52, 53]. We plan to
keep exploring this diverse panel of methods in the future.
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Fig 8. Description of the methods. Cancer exometabolomics data from the NCI-60 cell lines—from Jain and coauthors—is used to produce
constraints for aspefim computation and for selecting the optimal EFM once the program executions were stopped.
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Conclusions

We suggest that the Warburg effect—or ‘aerobic glycolysis’—abnormal lactate production
from glucose—is correlated through specific elementary metabolic pathways to the forma-
tion of the tumor stroma, including collagen, which plays a key role in cancer progression
and metastasis, inflammation markers and blood vessels. Metabolic pathways analysis sug-
gests that the collagen production phenotype displayed by fibroblasts and Warburg effect
might occur at the same time, and without extracellular import of the macromolecule’s main
components, glycine and proline. During tumoral growth, amino acids might be recycled
into cytokines to recruit immune cells and new blood vessels. Cancer cells are actors of the
tumoral ecosystem: their wastes exert an ecological pressure on their environment and mod-
ify the surrounding landscape. The rerouting of resources and wastes by the newly formed
stroma and vascular network has an impact on the larger scale of the organ and the full
organism. Our tumor metabolic model encompasses the properties of the tumoral stroma at
the cellular level, opening the road for further analyses of the impact of Warburg effect at the
tissue level.

Materials and methods

We developed the C2M2NFS model as an extension of the C2M2NF model. The model com-
prises 150 reactions. In accordance with constraints describing Warburg effect, collagen pro-
duction and inflammatory markers and growth factor VEGF-A synthesis, a subset of 747
EFMs was computed with aspefim [26]. Then, the best EFM was selected according to classic
linear regressions of the solutions to the mean exometabolomics data from Jain and colleagues
using Python package Scikit-Learn [54]. Finally, flux sampling and pFBA used for comparison
to EFMs were performed with COBRAPy [20, 55]. A detailed look at our analysis workflow is
presented in Fig 8.

Code, materials and methods for running the EFMs analysis and generating the figures are
provided at https://gitlab.com/maxm41/tumoralstroma.
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EFMs computation with aspefin

Elementary Flux Modes are computed with aspefm [26], a hybrid logic programming tool
based on clingo’s SAT solver technology [56] and leading linear programming tool cplex [57].
Logical and linear constraints can be added, and solutions obtained can be checked for ele-
mentarity using the stoichiometric matrix rank test [58]. Network reduction was performed
using compression of reactions into ‘enzyme subsets’ [23, 58, 59].

To compensate for its lack of ability to complete enumeration, we ran several executions of
aspefm in the time span of 3.5 days. All executions are non-deterministic due to the SAT-solv-
er’s random decisions, therefore yielding us a non-exhaustive yet substantial sample of 747
EFMs respecting our constraints of interest for us to analyze.

aspefm can be found at https://github.com/maxm4/aspefm. Computations were performed
using a server-hosted Intel™ Xeon™ E5-2609v2 2.5GHz processor.

Logical constraints types and formulation

Logical constraints given in input to aspefm are detailed in Table 1. The constraints are sepa-
rated into two types: hard constraints, which are forced inputs for the computation, and
desired observations, not forcing any input but forbidding the opposite observation.

For example, the three hard constraints are: glucose must be consumed, lactate must be
produced, glutamine must be consumed. And an example of expected observation would be
aspartate should be consumed, ie. we forbid aspartate production.

Hard constraints are encoded as direct logical constraints: “forwards reaction must be
active”, meaning “forwards reaction flux must be non null” (Eq 1) meanwhile desired observa-
tions are encoded by forbidding reactions from going in the backwards direction (Eq 2). We
also provide the equivalent linear constraints for clarity.

Vr € HardConstraints, v, >0 <z, (T4ua> Towa) € Reversibles (1)

Vr € DesiredObservations, v, =0 < -z, ("hua> Towa) € Reversibles (2)

Given that v, Vr € R represents the EFM value of each reaction r in the set of all reactions
R, and that z, Vr € R are aspefm Boolean indicator variables of when a reaction is active, ie.
when its EFM value is non null. Logical constraints are enforced by setting aspefim Boolean
indicators to be True or False, taking advantage of the logic programming roots of the method.

For example, the hard constraint “lactate must be secreted” will be encoded by the con-
straint “flux going into forwards reaction of lactate production must be strictly positive”, while
the expected observation “alanine must be secreted” will have the constraint “flux going into
backwards reaction of alanine production must be null”.

Linear constraints and size constraint

Adding linear constraints to the computation of EFMs such as operating costs is crucial for
keeping EFM close to realistic conditions [21]. Namely, the constraints added are described by
the following equations: Eq 3 constrains collagen production values to be over biomass pro-
duction values; Eq 4 constrains inflammatory marker response to be over biomass production
values. Concretely, Eqs 3 and 4 are akin to operating costs constraints; they impose that more
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metabolite units go into stroma response than into cell proliferation.

Veorracen = Vaiomass (3)

Vsrroma = VBIomass (4)

Given that v, Vr € R represents EFM values for reactions  in the reactions set R.
In addition, a size constraint for number of reactions of EFMs was added:

card{r e R | v, #0} < 60 (5)

The size constraint of equation Eq 5 constrains EFMs size to be of strictly below 60 active
reactions. This bound was set in order to account for realistic enzyme usage, as enzyme utiliza-
tion considerations help direct solutions towards better biological accuracy [17, 22]. Such a
size constraint takes full advantage of the aspefm solver’s constraint programming origins.

Incorporation of stroma formation in the metabolic model

The model C2M2NES, for Central Carbon Metabolic Model with added Nitrogen, Folate, and
Stroma formation, was expanded from the C2M2NF model [28] with: (1) collagen synthesis,
(2) inflammatory response markers IL153 or TNFa, and (3) growth factor VEGEF-A, linked to
neoangiogenesis. The first condition (1) gets its own exchange reaction: EX_COLLAGEN,
while the latter two (2),(3) are lumped together in the exchange reaction EX_STROMA.

Production of non-growth associated proteins is not usually taken into account into meta-
bolic models, as these tend to only include purely metabolic processes. Protein production is
occasionally integrated as a resource optimization procedure [60], meaning every enzyme cat-
alyzing the metabolic processes must be synthesized. However, this requires a tremendous
amount of experimental data to calibrate.

In the C2M2NES model, protein production is done by simply redirecting amino acid
metabolism to the production of proteins of interest using specific production reactions. Our
proteins of interest are collagen and inflammation response markers, ie. IL15 or TNFe, and
growth factor VEGF-A.

In order to define the C2M2NFS model, reactions were added to the C2M2NF model to
incorporate missing amino acids and transporters: proline, histidine, alanine, asparagine, as
well as associated reactions and pathways: alanine aminotransferase, asparaginase, histidine
degradation pathway, etc. Pathways were retrieved from the Human map in KEGG
PATHWAYS.

Collagen synthesis was defined from literature data as follows: the proportion of amino
acids in collagen tripeptides was found to be roughly 33% Gly, 16% Pro+Hyp, and 50% rest
[61]. Collagens come in various forms, including several types of chains of over a thousand
amino acids [47].

We defined a polypeptide of collagen as 100 amino acid bricks. In order to model a reaction
for collagen synthesis, we associated collagen formation to the amount of produced collagen
polypeptides of 100 amino acids. This was done with the following reactions:

CBS: 0.33 Gly + 0.50 XYAA + 0.085 Pro + 0.085 Hyp — CBrick
COLLAG: 100 CBrick — Collagen

For other amino acids than Gly and Pro, except for Met, Cys, Asn, and His, which are four
of the least common amino acids found in the X-Y part of collagen tripeptides [61], we
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assumed an equiprobability distribution. This corresponds to the XYAA metabolite, defined
by the following reaction:

XYAAS: ALAc + ARGc + SERc + TIVc + YFLKWc¢ + GLNc¢ + ASPc +
GLUTc — 14 XYAA

Inflammatory markers IL15 and TNFe, and growth factor VEGF-A, were incorporated as
protein synthesis reactions, based on the amino acid content of their consensus Uniprot
FASTA protein sequence. Corresponding Uniprot entries were IL1B_ HUMAN, TNFA_HU-
MAN and VEGFA_HUMAN.

Stoichiometric coefficients in the three following protein synthesis reactions correspond to
amino acid proportions of the protein sequences. Thus, the stoichiometric coefficient next to
the protein is the inverse of its length.

IL1B: 0.045 MET + 0.048 ALAc + 0.078 GLUTc + 0.13 TIV + 0.056 PROc
+0.275 YFLKW + 0.078 SERc + 0.048 GLYc + 0.045 ASNc + 0.074 ASPc
+0.067 GLNc + 0.019 CYSc + 0.022 ARGc + 0.015 HISc — 0.00371 IL1B
TNFA: 0.009 MET + 0.086 SERc + 0.163 TIV + 0.069 GLUTc + 0.06
ARGc + 0.03 ASPc + 0.245 YFLKW + 0.082 ALAc + 0.064 PROc + 0.073
GLYc + 0.056 GLNc + 0.017 CYSc + 0.017 HISc + 0.03 ASNc — 0.00429
TNFA

VEGFA: 0.034 METc + 0.03 ASNc + 0.237 YFLKWCc + 0.065 SERc +
0.108 TIVc + 0.047 HISc + 0.034 ALAc + 0.056 GLNc + 0.065 PROc +
0.069 GLUTc + 0.06 GLYc + 0.034 ASPc + 0.082 ARGc + 0.078 CYSc —
0.00431 VEGFA

If one of the inflammation markers IL1J or TNFe is present in reasonable quantity through
its production flux, and growth factor VEGF-A is also being produced, then an inflammatory
response with neoangiogenesis is supposed on the model.

FACT: VEGFA — GrowthFactor

INF1: IL1B — Inflam

INF2: TNFA — Inflam

STROMA: Inflam + GrowthFactor— Stroma

The resulting C2M2NFS model is of size 119 metabolites and 150 reactions, including 36
exchange reactions. After metabolic network compression, the network comprises 94 reac-
tions, 66 internal metabolites, 25 external metabolites.

Finally, we tested the consistency of the stoichiometry of the models with tool GAMES, in
an attempt to validate our new version of the model [62]. While both C2M2NFS and C2M2NF
failed the linear programming stoichiometric consistency analysis, the GAMES algorithm itself
did not report any error.
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Supporting information

S1 Fig. Linear regression of the mean exometabolomics flux data to the parsimonious FBA
solution. Represented reactions correspond to exchange reactions with non-null FBA values.
(TIF)

S2 Fig. Parsimonious Flux Balance Analysis optimal solution obtained with the same con-
straints as for Elementary Flux Modes analysis. 70 reactions of most interest of C2M2NFS
are shown, including most cytosolic transporters and some mitochondrial transporters but not
mitochondrial TCA Cycle. Visualization of the reactions is done through the EscherPy Python
package.

(TIF)

S1 File. SBML file of the C2M2NFS model. Metabolic model in the community Systems Biol-
ogy Markup Language format.
(XML)

S2 File. 747 EFMs sampled on the C2M2NFS model. All EFMs computed respected con-
straints as indicated in Methods. EFMs correspond to rows and reactions to columns.
(CSV)

S1 Table. Statistics of the main exchange fluxes for all 747 EFMs. Includes minimum, maxi-
mum, mean, median, standard deviation. Negative values indicates consumption, positive val-
ues indicates production.

(PDF)

§2 Table. Scores of linear regression fit to the mean flux values of different types of cancer
cell lines in the NCI-60 cancer cell lines data. Applied to the EFM with best regression fit to
the global mean flux values of all 60 cell lines.

(PDF)

Author Contributions

Conceptualization: Maxime Mahout, Laurent Schwartz, Romain Attal, Ashraf Bakkar, Sabine
Peres.

Formal analysis: Maxime Mahout, Sabine Peres.

Investigation: Laurent Schwartz, Romain Attal, Ashraf Bakkar.

Methodology: Maxime Mahout, Sabine Peres.

Software: Maxime Mahout.

Supervision: Laurent Schwartz, Romain Attal, Ashraf Bakkar, Sabine Peres.

Validation: Laurent Schwartz, Romain Attal, Ashraf Bakkar.

Writing - original draft: Maxime Mahout, Laurent Schwartz, Ashraf Bakkar, Sabine Peres.

Writing - review & editing: Maxime Mahout, Laurent Schwartz, Romain Attal, Ashraf Bak-
kar, Sabine Peres.

References

1. Warburg OH, Burk D. The Prime cause and prevention of cancer: with two prefaces on prevention.
Konrad Triltsch; 1967.

PLOS ONE | https://doi.org/10.1371/journal.pone.0313962 December 3, 2024 19/22


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0313962.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0313962.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0313962.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0313962.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0313962.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0313962.s006
https://doi.org/10.1371/journal.pone.0313962

PLOS ONE

Warburg effect is linked to collagen formation, angiogenesis and inflammation in cancer

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

Jerusalem G, Hustinx R, Beguin Y, Fillet G. PET scan imaging in oncology. European journal of cancer.
2003; 39(11):1525—-1534. https://doi.org/10.1016/S0959-8049(03)00374-5 PMID: 12855258

Sonnenschein C, Soto AM. Theories of carcinogenesis: An emerging perspective. Seminars in Cancer
Biology. 2008; 18(5):372—-377. https://doi.org/10.1016/j.semcancer.2008.03.012 PMID: 18472276

Weinberg RA. The Biology of Cancer. Garland Science; 2013.

Dvorak HF. How Tumors Make Bad Blood Vessels and Stroma. The American Journal of Pathology.
20083; 162(6):1747. https://doi.org/10.1016/s0002-9440(10)64309-x PMID: 12759232

Gelse K, Péschl E, Aigner T. Collagens—structure, function, and biosynthesis. Advanced Drug Delivery
Reviews. 2003; 55(12):1531-1546. https://doi.org/10.1016/j.addr.2003.08.002 PMID: 14623400

De Martino D, Bravo-Cordero JJ. Collagens in cancer: structural regulators and guardians of cancer
progression. Cancer Research. 2023; p. CAN—22-2034. https://doi.org/10.1158/0008-5472.CAN-22-
2034 PMID: 36638361

Hamanaka RB, O’Leary EM, Witt LJ, Tian Y, Gokalp GA, Meliton AY, et al. Glutamine Metabolism Is
Required for Collagen Protein Synthesis in Lung Fibroblasts. American Journal of Respiratory Cell and
Molecular Biology. 2019; 61(5):597—-606. https://doi.org/10.1165/rcmb.2019-00080C PMID: 30973753

Phang JM, Liu W, Hancock CN, Fischer JW. Proline metabolism and cancer: emerging links to gluta-
mine and collagen. Current Opinion in Clinical Nutrition & Metabolic Care. 2015; 18(1):71. https://doi.
org/10.1097/MC0O.0000000000000121 PMID: 25474014

Liu W, Le A, Hancock C, Lane AN, Dang CV, Fan TWM, et al. Reprogramming of proline and glutamine
metabolism contributes to the proliferative and metabolic responses regulated by oncogenic transcrip-
tion factor c-MYC. Proceedings of the National Academy of Sciences of the United States of America.
2012; 109(23):8983—-8988. https://doi.org/10.1073/pnas. 1203244109 PMID: 22615405

Altman BJ, Stine ZE, Dang CV. From Krebs to clinic: glutamine metabolism to cancer therapy. Nature
Reviews Cancer. 2016; 16(10):619-634. https://doi.org/10.1038/nrc.2016.71 PMID: 27492215

Comstock JP, Udenfriend S. Effect of Lactate on Collagen Proline Hydroxylase Activity in Cultured L-
929 Fibroblasts. Proceedings of the National Academy of Sciences. 1970; 66(2):552-557. https://doi.
org/10.1073/pnas.66.2.552 PMID: 5271180

Schuster S, Boley D, Méller P, Stark H, Kaleta C. Mathematical models for explaining the Warburg
effect: a review focussed on ATP and biomass production. Biochemical Society Transactions. 2015; 43:
1187-1194. https://doi.org/10.1042/BST20150153 PMID: 26614659

Palsson BQ. Systems biology: Constraint-based reconstruction and analysis. Cambridge University
Press; 2015. Available from: https://books.google.fr/books?id=QNBpBgAAQBAJ.

Orth JD, Thiele I, Palsson Bd. What is flux balance analysis? Nature Biotechnology. 2010; 28(3):245—
248. https://doi.org/10.1038/nbt.1614 PMID: 20212490

Nilsson A, Nielsen J. Genome scale metabolic modeling of cancer. Metabolic Engineering. 2017; 43(Pt
B):103—-112. https://doi.org/10.1016/j.ymben.2016.10.022 PMID: 27825806

Lewis NE, Hixson KK, Conrad TM, Lerman JA, Charusanti P, Polpitiya AD, et al. Omic data from
evolved E. coli are consistent with computed optimal growth from genome-scale models. Molecular
Systems Biology. 2010; 6:390. https://doi.org/10.1038/msb.2010.47 PMID: 20664636

Schuster S, Hilgetag C. On elementary flux modes in biochemical reaction systems at steady state. J
Biol Syst. 1994; 2:165—182. https://doi.org/10.1142/S0218339094000131

Schuster S, Dandekar T, Fell DA. Detection of elementary modes in biochemical networks: A promising
tool for pathway analysis and metabolic engineering. Trends in Biotechnology. 1999; 17:53-60. https:/
doi.org/10.1016/S0167-7799(98)01290-6 PMID: 10087604

Megchelenbrink W, Huynen M, Marchiori E. optGpSampler: An Improved Tool for Uniformly Sampling
the Solution-Space of Genome-Scale Metabolic Networks. PLOS ONE. 2014; 9(2):e86587. hitps://doi.
org/10.1371/journal.pone.0086587 PMID: 24551039

Carlson RP, Srienc F. Fundamental Escherichia coli biochemical pathways for biomass and energy pro-
duction: identification of reactions. Biotechnology and Bioengineering. 2004; 85(1):1-19. https://doi.org/
10.1002/bit.10812 PMID: 14705007

Carlson RP. Metabolic systems cost-benefit analysis for interpreting network structure and regulation.
Bioinformatics. 2007; 23(10):1258—-1264. https://doi.org/10.1093/bioinformatics/btm082 PMID:
17344237

Terzer M, Stelling J. Large-scale computation of elementary flux modes with bit pattern trees. Bioinfor-
matics. 2008; 24(19):2229-2235. https://doi.org/10.1093/bicinformatics/btn401 PMID: 18676417

Acunia V, Chierichetti F, Lacroix V, Marchetti-Spaccamela A, Sagot MF, Stougie L. Modes and cuts in
metabolic networks: Complexity and algorithms. Biosystems. 2009; 95(1):51-60. https://doi.org/10.
1016/j.biosystems.2008.06.015 PMID: 18722501

PLOS ONE | https://doi.org/10.1371/journal.pone.0313962 December 3, 2024 20/22


https://doi.org/10.1016/S0959-8049(03)00374-5
http://www.ncbi.nlm.nih.gov/pubmed/12855258
https://doi.org/10.1016/j.semcancer.2008.03.012
http://www.ncbi.nlm.nih.gov/pubmed/18472276
https://doi.org/10.1016/s0002-9440(10)64309-x
http://www.ncbi.nlm.nih.gov/pubmed/12759232
https://doi.org/10.1016/j.addr.2003.08.002
http://www.ncbi.nlm.nih.gov/pubmed/14623400
https://doi.org/10.1158/0008-5472.CAN-22-2034
https://doi.org/10.1158/0008-5472.CAN-22-2034
http://www.ncbi.nlm.nih.gov/pubmed/36638361
https://doi.org/10.1165/rcmb.2019-0008OC
http://www.ncbi.nlm.nih.gov/pubmed/30973753
https://doi.org/10.1097/MCO.0000000000000121
https://doi.org/10.1097/MCO.0000000000000121
http://www.ncbi.nlm.nih.gov/pubmed/25474014
https://doi.org/10.1073/pnas.1203244109
http://www.ncbi.nlm.nih.gov/pubmed/22615405
https://doi.org/10.1038/nrc.2016.71
http://www.ncbi.nlm.nih.gov/pubmed/27492215
https://doi.org/10.1073/pnas.66.2.552
https://doi.org/10.1073/pnas.66.2.552
http://www.ncbi.nlm.nih.gov/pubmed/5271180
https://doi.org/10.1042/BST20150153
http://www.ncbi.nlm.nih.gov/pubmed/26614659
https://books.google.fr/books?id=QNBpBgAAQBAJ
https://doi.org/10.1038/nbt.1614
http://www.ncbi.nlm.nih.gov/pubmed/20212490
https://doi.org/10.1016/j.ymben.2016.10.022
http://www.ncbi.nlm.nih.gov/pubmed/27825806
https://doi.org/10.1038/msb.2010.47
http://www.ncbi.nlm.nih.gov/pubmed/20664636
https://doi.org/10.1142/S0218339094000131
https://doi.org/10.1016/S0167-7799(98)01290-6
https://doi.org/10.1016/S0167-7799(98)01290-6
http://www.ncbi.nlm.nih.gov/pubmed/10087604
https://doi.org/10.1371/journal.pone.0086587
https://doi.org/10.1371/journal.pone.0086587
http://www.ncbi.nlm.nih.gov/pubmed/24551039
https://doi.org/10.1002/bit.10812
https://doi.org/10.1002/bit.10812
http://www.ncbi.nlm.nih.gov/pubmed/14705007
https://doi.org/10.1093/bioinformatics/btm082
http://www.ncbi.nlm.nih.gov/pubmed/17344237
https://doi.org/10.1093/bioinformatics/btn401
http://www.ncbi.nlm.nih.gov/pubmed/18676417
https://doi.org/10.1016/j.biosystems.2008.06.015
https://doi.org/10.1016/j.biosystems.2008.06.015
http://www.ncbi.nlm.nih.gov/pubmed/18722501
https://doi.org/10.1371/journal.pone.0313962

PLOS ONE

Warburg effect is linked to collagen formation, angiogenesis and inflammation in cancer

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

de Figueiredo LF, Podhorski A, Rubio A, Kaleta C, Beasley JE, Schuster S, et al. Computing the short-
est elementary flux modes in genome-scale metabolic networks. Bioinformatics. 2009; 25(23):3158—
3165. https://doi.org/10.1093/bioinformatics/btp564 PMID: 19793869

Mahout M, Carlson RP, Peres S. Answer Set Programming for Computing Constraints-Based Elemen-
tary Flux Modes: Application to Escherichia coli Core Metabolism. Processes. 2020; 8(12):1649. https://
doi.org/10.3390/pr8121649

Mazat JP, Ransac S. The fate of glutamine in human metabolism. The interplay with glucose in prolifer-
ating cells. Metabolites. 2019; 9(5):81. https://doi.org/10.3390/metabo9050081 PMID: 31027329

Mazat JP. One-carbon metabolism in cancer cells: A critical review based on a core model of central
metabolism. Biochemical Society Transactions. 2021; 49(1):1-15. https://doi.org/10.1042/
BST20190008 PMID: 33616629

Jain M, Nilsson R, Sharma S, Madhusudhan N, Kitami T, Souza AL, et al. Metabolite profiling identifies
a key role for glycine in rapid cancer cell proliferation. Science. 2012; 336(6084):1040—1044. https://doi.
org/10.1126/science. 1218595 PMID: 22628656

Liberti MV, Locasale JW. The Warburg Effect: How Does it Benefit Cancer Cells? Trends in Biochemical
Sciences. 2016; 41: 211-218. https://doi.org/10.1016/j.tibs.2015.12.001 PMID: 26778478

Jiang Z, He J, Zhang B, Wang L, Long C, Zhao B, et al. A Potential “Anti-Warburg Effect” in Circulating
Tumor Cell-mediated Metastatic Progression? Aging and disease. 2024; 0. https://doi.org/10.14336/
AD.2023.1227 PMID: 38300633

King ZA, Dréger A, Ebrahim A, Sonnenschein N, Lewis NE, Palsson BO. Escher: A Web Application for
Building, Sharing, and Embedding Data-Rich Visualizations of Biological Pathways. PLOS computa-
tional biology. 2015; 11(8):€1004321—e1004321. https://doi.org/10.1371/journal.pcbi.1004321 PMID:
26313928

Sahai E, Astsaturov |, Cukierman E, DeNardo DG, Egeblad M, Evans RM, et al. A framework for
advancing our understanding of cancer-associated fibroblasts. Nature Reviews Cancer. 2020; 20
(3):174-186. https://doi.org/10.1038/s41568-019-0238-1 PMID: 31980749

Pavlides S, Whitaker-Menezes D, Castello-Cros R, Flomenberg N, Witkiewicz AK, Frank PG, et al. The
reverse Warburg effect: aerobic glycolysis in cancer associated fibroblasts and the tumor stroma. Cell
Cycle (Georgetown, Tex). 2009; 8(23):3984—4001. https://doi.org/10.4161/cc.8.23.10238 PMID:
19923890

Sazeides C, Le A. Metabolic Relationship Between Cancer-Associated Fibroblasts and Cancer Cells.
In: The Heterogeneity of Cancer Metabolism. 2nd edition. Springer; 2021. Available from: https://www.
ncbi.nlm.nih.gov/books/NBK573675/.

Fukuda K, Prodon A. Double Description Method Revisited. In: Combinatorics and Computer Science;
1995. Available from: https://doi.org/10.1007/3-540-61576-8_77.

Hunt KA, Folsom JP, Taffs RL, Carlson RP. Complete enumeration of elementary flux modes through
scalable demand-based subnetwork definition. Bioinformatics. 2014; 30(11):1569-1578. https://doi.
org/10.1093/bioinformatics/btu021 PMID: 24497502

Buchner BA, Zanghellini J. EFMIrs: a Python package for elementary flux mode enumeration via lexico-
graphic reverse search. BMC Bioinformatics. 2021; 22(1):547. https://doi.org/10.1186/s12859-021-
04417-9 PMID: 34758748

Pey J, Planes FJ. Direct calculation of elementary flux modes satisfying several biological constraints in
genome-scale metabolic networks. Bioinformatics. 2014; 30(15):2197-2208. https://doi.org/10.1093/
bioinformatics/btu193 PMID: 24728852

Morterol M, Dague P, Peres S, Simon L. Minimality of metabolic flux modes under boolean regulation
constraints. In: Workshop on constraint-based methods for bioinformatics (WCB); 2016.

Luo W. Nasopharyngeal carcinoma ecology theory: cancer as multidimensional spatiotemporal “unity of
ecology and evolution” pathological ecosystem. Theranostics. 2023; 13: 1607—-1631. https://doi.org/10.
7150/thno.82690 PMID: 37056571

Seyfried TN, Flores RE, Poff AM, D’Agostino DP. Cancer as a metabolic disease: implications for novel
therapeutics. Carcinogenesis. 2014; 35(3):515-527. https://doi.org/10.1093/carcin/bgt480 PMID:
24343361

Hanahan D, Weinberg RA. Hallmarks of Cancer: The Next Generation. Cell. 2011; 144(5):646-674.
https://doi.org/10.1016/j.cell.2011.02.013 PMID: 21376230

Halama A, Suhre K. Advancing Cancer Treatment by Targeting Glutamine Metabolism-A Roadmap.
Cancers. 2022; 14(3):553. https://doi.org/10.3390/cancers 14030553 PMID: 35158820

Reynolds MR, Lane AN, Robertson B, Kemp S, Liu Y, Hill BG, et al. Control of glutamine metabolism by
the tumor suppressor Rb. Oncogene. 2014; 33(5):556-566. https://doi.org/10.1038/onc.2012.635
PMID: 23353822

PLOS ONE | https://doi.org/10.1371/journal.pone.0313962 December 3, 2024 21/22


https://doi.org/10.1093/bioinformatics/btp564
http://www.ncbi.nlm.nih.gov/pubmed/19793869
https://doi.org/10.3390/pr8121649
https://doi.org/10.3390/pr8121649
https://doi.org/10.3390/metabo9050081
http://www.ncbi.nlm.nih.gov/pubmed/31027329
https://doi.org/10.1042/BST20190008
https://doi.org/10.1042/BST20190008
http://www.ncbi.nlm.nih.gov/pubmed/33616629
https://doi.org/10.1126/science.1218595
https://doi.org/10.1126/science.1218595
http://www.ncbi.nlm.nih.gov/pubmed/22628656
https://doi.org/10.1016/j.tibs.2015.12.001
http://www.ncbi.nlm.nih.gov/pubmed/26778478
https://doi.org/10.14336/AD.2023.1227
https://doi.org/10.14336/AD.2023.1227
http://www.ncbi.nlm.nih.gov/pubmed/38300633
https://doi.org/10.1371/journal.pcbi.1004321
http://www.ncbi.nlm.nih.gov/pubmed/26313928
https://doi.org/10.1038/s41568-019-0238-1
http://www.ncbi.nlm.nih.gov/pubmed/31980749
https://doi.org/10.4161/cc.8.23.10238
http://www.ncbi.nlm.nih.gov/pubmed/19923890
https://www.ncbi.nlm.nih.gov/books/NBK573675/
https://www.ncbi.nlm.nih.gov/books/NBK573675/
https://doi.org/10.1007/3-540-61576-8_77
https://doi.org/10.1093/bioinformatics/btu021
https://doi.org/10.1093/bioinformatics/btu021
http://www.ncbi.nlm.nih.gov/pubmed/24497502
https://doi.org/10.1186/s12859-021-04417-9
https://doi.org/10.1186/s12859-021-04417-9
http://www.ncbi.nlm.nih.gov/pubmed/34758748
https://doi.org/10.1093/bioinformatics/btu193
https://doi.org/10.1093/bioinformatics/btu193
http://www.ncbi.nlm.nih.gov/pubmed/24728852
https://doi.org/10.7150/thno.82690
https://doi.org/10.7150/thno.82690
http://www.ncbi.nlm.nih.gov/pubmed/37056571
https://doi.org/10.1093/carcin/bgt480
http://www.ncbi.nlm.nih.gov/pubmed/24343361
https://doi.org/10.1016/j.cell.2011.02.013
http://www.ncbi.nlm.nih.gov/pubmed/21376230
https://doi.org/10.3390/cancers14030553
http://www.ncbi.nlm.nih.gov/pubmed/35158820
https://doi.org/10.1038/onc.2012.635
http://www.ncbi.nlm.nih.gov/pubmed/23353822
https://doi.org/10.1371/journal.pone.0313962

PLOS ONE

Warburg effect is linked to collagen formation, angiogenesis and inflammation in cancer

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Mukherjee P, Augur ZM, Li M, Hill C, Greenwood B, Domin MA, et al. Therapeutic benefit of combining
calorie-restricted ketogenic diet and glutamine targeting in late-stage experimental glioblastoma. Com-
munications Biology. 2019; 2(1):1-14. https://doi.org/10.1038/s42003-019-0455-x PMID: 31149644

Ricard-Blum S. The Collagen Family. Cold Spring Harbor Perspectives in Biology. 2011; 3(1):a004978.
https://doi.org/10.1101/cshperspect.a004978 PMID: 21421911

Ge J, CuiH, Xie N, Banerjee S, Guo S, Dubey S, et al. Glutaminolysis Promotes Collagen Translation

and Stability via alpha-Ketoglutarate-mediated mTOR Activation and Proline Hydroxylation. American
Journal of Respiratory Cell and Molecular Biology. 2018; 58(3):378-390. https://doi.org/10.1165/rcmb.
2017-02380C PMID: 29019707

Stegen S, Laperre K, Eelen G, Rinaldi G, Fraisl P, Torrekens S, et al. HIF-1alpha metabolically controls
collagen synthesis and modification in chondrocytes. Nature. 2019; 565(7740):511-515. https://doi.org/
10.1038/s41586-019-0874-3 PMID: 30651640

Thiele I, Sahoo S, Heinken A, Hertel J, Heirendt L, Aurich MK, et al. Personalized whole-body models
integrate metabolism, physiology, and the gut microbiome. Molecular Systems Biology. 2020; 16(5):
€8982. https://doi.org/10.15252/msb.20198982 PMID: 32463598

Braakman R, Smith E. The compositional and evolutionary logic of metabolism. Physical Biology. 2012;
10(1):011001. https://doi.org/10.1088/1478-3975/10/1/011001 PMID: 23234798

Giri S, Ofa L, Waschina S, Shitut S, Yousif G, Kaleta C, et al. Metabolic dissimilarity determines the
establishment of cross-feeding interactions in bacteria. Current Biology. 2021; 31(24):5547-5557.€6.
https://doi.org/10.1016/j.cub.2021.10.019 PMID: 34731676

Mahout M, Carlson RP, Simon L, Peres S. Logic programming-based Minimal Cut Sets reveal consor-
tium-level therapeutic targets for chronic wound infections. npj Syst Biol Appl. 2024; 10: 1-13. https://
doi.org/10.1038/s41540-024-00360-6 PMID: 38565568

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: Machine
Learning in Python. Journal of Machine Learning Research. 2011; 12(85):2825-2830.

Ebrahim A, Lerman JA, Palsson BO, Hyduke DR. COBRApy: COnstraints-Based Reconstruction and
Analysis for Python. BMC Systems Biology. 2013; 7(1):74. https://doi.org/10.1186/1752-0509-7-74
PMID: 23927696

Gebser M, Kaufmann B, Schaub T. Conflict-driven answer set solving: From theory to practice. Artificial
Intelligence. 2012; 187-188:52—89. https://doi.org/10.1016/j.artint.2012.04.001

Janhunen T, Kaminski R, Ostrowski M, Schaub T, Schellhorn S, Wanko P. Clingo goes linear con-
straints over reals and integers. CoRR. 2017;abs/1707.04053.

Klamt S, Gagneur J, Kamp Av. Algorithmic approaches for computing elementary modes in large bio-
chemical reaction networks. |IEE Proceedings—Systems Biology. 2005; 152(4):249-255(6). https://doi.
org/10.1049/ip-syb:20050035

Pfeiffer T, Sanchez-Valdenebro |, Nuno JC, Montero F, Schuster S. METATOOL: for studying meta-
bolic networks. Bioinformatics. 1999; 15(3):251-257. https://doi.org/10.1093/bioinformatics/15.3.251
PMID: 10222413

Goelzer A, Fromion V. Bacterial growth rate reflects a bottleneck in resource allocation. Biochimica et
Biophysica Acta (BBA)—General Subjects. 2011; 1810(10):978-988. https://doi.org/10.1016/j.bbagen.
2011.05.014 PMID: 21689729

Ramshaw JAM, Shah NK, Brodsky B. Gly-X-Y Tripeptide Frequencies in Collagen: A Context for Host-
Guest Triple-Helical Peptides. Journal of Structural Biology. 1998; 122(1):86-91. https://doi.org/10.
1006/jsbi.1998.3977 PMID: 9724608

Shin W, Hellerstein JL. Isolating structural errors in reaction networks in systems biology. Bioinformat-
ics. 2021; 37(3):388—395. https://doi.org/10.1093/bicinformatics/btaa720 PMID: 32790862

PLOS ONE | https://doi.org/10.1371/journal.pone.0313962 December 3, 2024 22/22


https://doi.org/10.1038/s42003-019-0455-x
http://www.ncbi.nlm.nih.gov/pubmed/31149644
https://doi.org/10.1101/cshperspect.a004978
http://www.ncbi.nlm.nih.gov/pubmed/21421911
https://doi.org/10.1165/rcmb.2017-0238OC
https://doi.org/10.1165/rcmb.2017-0238OC
http://www.ncbi.nlm.nih.gov/pubmed/29019707
https://doi.org/10.1038/s41586-019-0874-3
https://doi.org/10.1038/s41586-019-0874-3
http://www.ncbi.nlm.nih.gov/pubmed/30651640
https://doi.org/10.15252/msb.20198982
http://www.ncbi.nlm.nih.gov/pubmed/32463598
https://doi.org/10.1088/1478-3975/10/1/011001
http://www.ncbi.nlm.nih.gov/pubmed/23234798
https://doi.org/10.1016/j.cub.2021.10.019
http://www.ncbi.nlm.nih.gov/pubmed/34731676
https://doi.org/10.1038/s41540-024-00360-6
https://doi.org/10.1038/s41540-024-00360-6
http://www.ncbi.nlm.nih.gov/pubmed/38565568
https://doi.org/10.1186/1752-0509-7-74
http://www.ncbi.nlm.nih.gov/pubmed/23927696
https://doi.org/10.1016/j.artint.2012.04.001
https://doi.org/10.1049/ip-syb:20050035
https://doi.org/10.1049/ip-syb:20050035
https://doi.org/10.1093/bioinformatics/15.3.251
http://www.ncbi.nlm.nih.gov/pubmed/10222413
https://doi.org/10.1016/j.bbagen.2011.05.014
https://doi.org/10.1016/j.bbagen.2011.05.014
http://www.ncbi.nlm.nih.gov/pubmed/21689729
https://doi.org/10.1006/jsbi.1998.3977
https://doi.org/10.1006/jsbi.1998.3977
http://www.ncbi.nlm.nih.gov/pubmed/9724608
https://doi.org/10.1093/bioinformatics/btaa720
http://www.ncbi.nlm.nih.gov/pubmed/32790862
https://doi.org/10.1371/journal.pone.0313962

