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Abstract

Background: Cancer cells undergo global reprogramming of cellular metabolism to satisfy demands of energy and
biomass during proliferation and metastasis. Computational modeling of genome-scale metabolic models ig an

effective approach for designing new therapeutics targeting dysregulated cancer metabolism by identifying
metabolic enzymes crucial for satisfying metabolic goals of cancer cells, but nearly all previous studies nedlect the
existence of metabolic demands other than biomass synthesis and trade-offs between these contradicting
metabolic demands. It is thus necessary to develop computational models covering multiple metabolic objectives
to study cancer metabolism and identify novel metabolic targets.

Methods: We developed a multi-objective optimization model for cancer cell metabolism at genome-scale gnd an
integrated, data-driven workflow for analyzing the Pareto optimality of this model in achieving multiple metgbolic
goals and identifying metabolic enzymes crucial for maintaining cancer-associated metabolic phenotypes. Using
this workflow, we constructed cell line-specific models for a panel of cancer cell lines and identified lists of
metabolic targets promoting or suppressing cancer cell proliferation or the Warburg Effect. The targets werg then
validated using knockdown and over-expression experiments in cultured cancer cell lines.

Results:We found that the multi-objective optimization model correctly predicted phenotypes including cell
growth rates, essentiality of metabolic genes and cell line specific sensitivities to metabolic perturbations. Tjo our
surprise, metabolic enzymes promoting proliferation substantially overlapped with those suppressing the Warburg
Effect, suggesting that simply targeting the overlapping enzymes may lead to complicated outcomes. We also
identified lists of metabolic enzymes important for maintaining rapid proliferation or high Warburg Effect whjle
having little effect on the other. The importance of these enzymes in cancer metabolism predicted by the njodel
was validated by their association with cancer patient survival and knockdown and overexpression experiments in a
variety of cancer cell lines.

Conclusions:These results confirm this multi-objective optimization model as a novel and effective approach for
studying trade-off between metabolic demands of cancer cells and identifying cancer-associated metabolic
vulnerabilities, and suggest novel metabolic targets for cancer treatment.
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Background

Metabolic reprogramming is recognized as an emerging
hallmark of cancer [1-4]. Besides the “wasteful” metab-
olism known as aerobic glycolysis or the Warburg effect
that was discovered almost a hundred years ago by Otto
Warburg [5, 6], metabolism of malignant cells is shifted
at the systematic level due to numerous factors including
nutrient and oxygen availability in the tumor micro-
environment, material and energy demands for rapid cell
proliferation, and dysregulated signal transductions in
malignant cells [7]. Targeting metabolic reprogramming
in cancer is hence a promising strategy for designing
highly selective anti-tumor therapeutics with several suc-
cessful examples [8—11]. However, the human metabolic
network covers thousands of enzymes, metabolites and
crosstalks, which are also highly context dependent. The
extreme complexity of human metabolic network greatly
limits our ability to efficiently and accurately identify
metabolic enzymes that serve as potential anti-tumor
targets.

Genome-scale metabolic model (GSMM) is a powerful
computational tool for studying metabolism [12—15] and
has enabled researchers to elucidate the plausible mech-
anism of cancer-associated metabolic features such as
the Warburg effect [16], quantify efficacies and side ef-
fects of cancer therapeutics [17-21], and unravel
context-dependent functionality of metabolic enzymes
during tumor progression [22—25]. Among various strat-
egies, flux balance analysis (FBA) exhibits itself as a
highly effective approach to analyze GSMMs [26]. FBA
commonly assumes that cells optimize certain objective
function by coordinating metabolic fluxes subjected to
upper/ lower limits and stoichiometric constraints, by
which both input and output fluxes are balanced to
maintain the steady state at the systemic level. In par-
ticular, the assumption of maximized biomass produc-
tion (representing for optimal cancer cell growth) has
been widely used in previous studies modeling cancer
metabolism [14, 15].

Despite the wide application of FBA-based compu-
tational methods, their fundamental assumption—
maximization of growth rate in cancer cells — is still
open to doubt. Although studies investigating the
metabolic objectives of cancer cells were scarce, sev-
eral studies focusing on unicellular organisms pro-
vided wuseful insights [27-29]. Interestingly, the
hypothesis of single-objective metabolic optimization
was challenged even in Escherichia coli which is signifi-
cantly less complicated than eukaryotes. Comparison of
experimentally-measured metabolic fluxes and the Pareto-
optimal surface defined by multiple metabolic objectives
revealed that cellular metabolism may be determined by
trade-off among three competing objectives: maximization
of biomass yield, maximization of ATP production, and
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minimization of gross metabolic fluxes [30]. Similarly, the
trade-off between biomass yield and ATP production was
also considered as one plausible mechanism underlying
tumor-associated metabolic disorders [31].

In line with these findings, we present here a theoret-
ical strategy involving multi-objective optimality for
modeling cancer metabolism. Specifically, we developed
algorithms for sampling balanced flux configurations
with Pareto optimality and building individualized
models based on multi-omics datasets. To demonstrate
our methodology, we construct cell line-specific models
for NCI-60 cancer cell lines and predict the impact of
metabolic gene ablation on Pareto optimality, metabol-
ism, and cell viability. With this approach, we identify
several groups of metabolic enzymes essential for cell
proliferation or the Warburg effect, and further validate
these putative targets through survival analysis and
cell-based experiments. These results will likely im-
prove our understanding of cancer-associated metabolic
disorders and reveal potential targets for novel cancer
therapeutics.

Methods

Mathematical model and statistical analysis

The mathematical models and algorithms used in this
study are explained in detail in Supplementary Methods.
Statistical tests were performed using MATLAB. Algo-
rithms for sampling the Pareto surface, constructing in-
dividualized models, and identifying targets were
implemented in MATLAB code. For multiple hypothesis
testing, p-values were corrected using the Benjamini-
Hochberg procedure.

Experimental validation of identified metabolic targets
For the validation of proliferation-promoting enzymes,
cell lines were selected from the NCI-60 panel based
on their predicted changes of biomass production flux
using the NCI-60 individualized models as previously
constructed. The simulation of enzymatic perturba-
tions was performed using minimization of metabolic
adjustment (MOMA) [32]. Cell lines predicted to have
significant reduction of biomass production flux were
selected for further experimental validation. For the
validation of proliferation-suppressing and Warburg
effect-suppressing enzymes, cell lines were selected to
cover a range of different tissues of origin.

Cell culture

BT549, MDA_MB_231, A549, U87, SW_620, COLO205,
and RPMI_8226 cell lines were purchased from the
China Infrastructure of Cell Line Resources and cultured
in RPMI containing 10% FBS and antibiotics. Purchased
U251 and HeLa cells were cultured in DMEM contain-
ing 10% FBS. All cell lines were confirmed to be
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sampled Pareto solutions

Fig. 1 Four-objective optimization model for cancer metaboliginllistration of the four metabolic objectives incorporated in this model ar
mathematical description of its components) The sampled Pareto surface projected on four ternary combinations of included objectives
points are presented in shade to depict the shape of Pareto suda@sitibutions of values for binary combinations of objectives in the

recapitulate phenotypes of examined cancer cells. To
validate that all four metabolic objectives are indispens-
able in predicting cell growth rates, we repeated this
analysis with alternative models constructed with fewer
metabolic objectives (Additional file 1: Fig. Sla-d) or less
omics data input (proteomics only or exchange fluxes
only, Additional file 1: Fig. Sle, f) and found that the

prediction accuracy was significantly decreased in these
cases. We also compared our Pareto models with models
constructed using other computational approaches, in-
cluding E-Flux, which directly uses expression levels of
metabolic genes to adjust upper limits of associated
fluxes [40], and personalized reconstruction of metabolic
models (PRIME), which utilizes prior knowledge about

o
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Fig. 3 Metabolic targets identified by Pareto surface analysis correlate with cancer progression and patient papddosiio(v of identifying
potential metabolic targets essential for cell proliferation and the Warburg éffddtigtration of the criteria for target identificatia).\(enn

diagram showing the overlap between model-predicted proliferation-suppressing, proliferation-promoting, Warburg effect-suppressing and
Warburg effect-promoting enzymed) Correlation between growth rate and the Warburg effect in NCI-60 cell lines. The p-value was computed
using permutation teste] Fraction of genes with different relationships to breast cancer patient survival in model-predicted tumor-suppressive
metabolic genesfY Same as iref but for model-predicted pro-oncogenic metabolic gengy.Same as iref cmetabolic genes
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However, our study indicates that this pathway can also
be pro-oncogenic by promoting cancer cell growth. The
exact roles of these pathways in different cancer types
need further investigation. Taken together, our

degradation pathway has recently been shown to posi-
tively correlate with sensitivity to methotrexate [56], sug-
gesting that activating this pathway could be beneficial
by enhancing effectiveness of related chemotherapies.
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