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OPEN ACCESS ABSTRACT

Background: Colon cancer remains a leading cause of cancer-related
mortality, with the efficacy of standard chemotherapy agents such as 5-FU
limited by resistance and toxicity. This study aimed to identify metabolites
that enhance 5-FU efficacy in CRC using GEM.

Methods: GEM was applied using the FVSEOF algorithm to identify
metabolites that enhance the therapeutic efficacy of 5-FU in CRC. Context-
specific metabolic models were constructed from TCGA data using the ftINIT
algorithm. By simulating TS inhibition, we identified aspartate, lysine, and
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valine as candidate metabolites with altered uptake under constrained
biomass production. Among them, lysine and valine are essential amino
acids and were chosen for experimental validation using MTT assays and

flow cytometry in HT-29 CRC cells and HUO2 normal fibroblasts.
Results: Our approach identified aspartate, lysine, and valine as candidate
synergistic metabolites. Experimental validation confirmed the strong
synergy of lysine and valine with 5-FU in HT-29 cells, while showing
significantly reduced effects in normal fibroblasts. Mechanistic analysis
suggested that these amino acids enhance nucleotide demand and
metabolic activity, amplifying 5-FU-induced stress.
Conclusion: This study demonstrates synergistic interventions and
introduces amino acid co-supplementation as a potential strategy to
improve CRC therapy with reduced toxicity. To our knowledge, this is the
: . first study to employ GEM for the systematic prediction of metabolites that
a Creative Commons Attribution-
NonDerivatives 4.0  International synergize with 5-FU, aiming to improve therapeutic outcomes in CRC.
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INTRODUCTION

olon cancer poses a significant global health

burden, with over 1.9 million new cases and

approximately 904,000 deaths estimated in
2022, making it the third most common cancer and the
second leading cause of cancer-related mortality™l. In
the United States, there were an estimated 153,020 new
CRC cases and 52,550 deaths in 2023. Projections for
2025 indicate a slight increase, with approximately
154,270 new cases and 52,900 deaths expected. These
statistics underscore the persistent burden of CRC
despite advances in screening and treatment(23],
Incidence rates vary widely, with higher rates in
developed regions like Europe and Northern America,
reflecting differences in screening, lifestyle, and
healthcare access. Despite advances in treatment, the
five-year survival rate for advanced-stage CRC remains
low at around 12%, underscoring the need for improved
therapeutic strategies!l.

5-FU has been a cornerstone of CRC chemotherapy
since the 1950s, valued for its ability to inhibit DNA
synthesis by targeting TSPl However, its efficacy as a
monotherapy is limited, with response rates in advanced
CRC as low as 4.5% in some trialst®l. Challenges include
rapid drug metabolism by enzymes such as
dihydropyrimidine dehydrogenase, leading to resistance
and significant toxicities like leukopenia, which impacts
patient quality of lifel”8]. These limitations highlight the
need for combination therapies to enhance the
effectiveness of 5-FU.

Combination therapies, particularly those achieving
synergistic effects, have shown promise in overcoming
the shortcomings of 5-FU. Synergism, where the
combined effect of agents exceeds the sum of their
individual contributions, can improve therapeutic
outcomes while reducing required doses and associated
side effectsl®]. Research has suggested that combining 5-
FU with other chemotherapeutic agents or natural
compounds can increase response rates and survival
times. For instance, interferon-p improved median
survival from 7.2 to 15.9 months in advanced CRCIS1,
However, identifying optimal combinations remains
challenging due to variability in patient responses and
tumor subtypes(i®l. This study aimed to address these
challenges by exploring metabolites that synergize with
5-FU to improve treatment efficacy in CRC.

Systems biology provides a powerful framework for
dissecting the complex metabolic networks of cancer
cells, integrating diverse datasets to uncover therapeutic
opportunities. By combining high-throughput omics
data—such as genomics, transcriptomics, and
metabolomics—systems biology enables a holistic
understanding of tumor metabolism, which is critical for
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identifying interventions that enhance drug efficacyl4l,
This approach is particularly suited to CRC, where
metabolic reprogramming supports tumor growth and
contributes to resistance to treatments such as 5-FU.
GEMs are central to this effort, offering mathematical
representations of all known metabolic reactions within
a cell, including gene-protein-reaction-metabolite
associations!*?, GEMs, such as Recon2 and HMR2, can
be contextualized with CRC-specific data, including
gene expression from the Cancer Cell Line
Encyclopedia, to simulate tumor behavior under various
conditions™3. These models predict how metabolites
interact with drugs like 5-FU, identifying candidates
that disrupt cancer cell metabolism synergistically™4l.
GEMs also enable patient stratification by metabolic
profile, supporting personalized drug response
predictions. By simulating metabolic changes, GEMs
can identify combinations that enhance 5-FU efficacy
and reduce toxicity, offering a solution to resistance
driven by metabolic adaptation. We applied these
models to systematically discover metabolites that act
synergistically with 5-FU, with the ultimate aim of
improving CRC therapysl.

Metabolic interventions have shown significant
potential in enhancing the efficacy of chemotherapy, as
evidenced by studies demonstrating improved response
rates and clinical outcomes. For instance,
supplementation with fish oil, rich in omega-3 fatty
acids, nearly doubled response rates to first-line
chemotherapy in lung cancer patients without increasing
toxicity, suggesting that specific metabolites can
modulate tumor metabolism to augment drug effects6l,
Similarly, methionine restriction has been shown to
synergize with 5-FU in CRC models, markedly
inhibiting tumor growth by altering nucleotide
metabolism and redox states, highlighting the
therapeutic value of targeted dietary manipulationsi*7l.
Early nutritional interventions in head and neck cancer
patients undergoing chemoradiotherapy also reduced
treatment interruptions and improved outcomes,
underscoring the broader applicability of metabolic
strategies*®l. In line with these findings, studies in
mouse models have reported that increased serine
availability induces resistance to 5-FU. Conversely,
taurine supplementation exerts synergistic antitumor
effects, and glutamine administration mitigates
treatment-related  mucositisi*®24,  Despite  these
promising findings, a critical knowledge gap persists in
systematically identifying and predicting metabolic
interventions that enhance chemotherapy, particularly
for CRC. While studies such as those on methionine
restriction demonstrate synergy with 5-FU, the
exploration  of  other  metabolites  remains
limited and often empirical??l. Current research lacks
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comprehensive approaches that use systems biology
tools, such as GEMs, to predict which metabolites can
synergize with 5-FU across diverse CRC subtypes.
Despite their capacity to integrate multi-omics data for
reconstructing tumor-specific metabolic networks,
GEMs have seen limited application in this area. This
study aimed to address this gap by employing context-
specific metabolic modeling to systematically identify
novel metabolites that enhance 5-FU efficacy, paving
the way for more effective and personalized treatment
strategies.

To the best of our knowledge, this is the first study to
use GEMs for the systematic identification of
metabolites that synergize with 5-FU, and its findings
may open new avenues for metabolically informed
cancer therapies.

MATERIALS AND METHODS

Gene expression data acquisition

Gene expression (RNA-seq) and clinical data for
colon adenocarcinoma (TCGA-COAD) primary tumor
samples and normal samples were retrieved from TCGA
using the TCGABIolinks package in R[?. These data
were used to reconstruct CRC-specific metabolic
networks. Additionally, gene expression data for normal
samples of gastric, breast, and lung tissues were
included to compare algorithms for generating context-
specific metabolic models, ensuring robust model
performance before application in CRC.

Model selection and comparison

To identify the optimal algorithm for constructing
context-specific metabolic models of CRC, we
generated models for normal samples from colon,
gastric, breast, and lung tissues using three algorithms:
GIMME (Gene Inactivity Moderated by Metabolism
and Expression)?4, INIT (Integrative Network
Inference for Tissues)i?®], and ftINIT (fast task-driven
Integrative Network Inference for Tissues)?¢l. GIMME
was implemented in the COBRA Toolbox version
3.0271 while tINIT and ftINIT were run in RAVENI28],
using the HUMAN-GEM model as the metabolic
template. Multiple gene expression cut-off thresholds
were tested to assess algorithm robustness. Model
similarity within the same tissue type and differences
across tissues were evaluated using the Jaccard index of
reaction overlap. A binary reaction content matrix
(indicating active reactions per model) was subjected to
t-SNE dimension reduction and visualized as scatter
plots to confirm tissue-specific clustering.

Iran. Biomed. J. 29 (5): 321-334

Context-specific model development

The ftINIT algorithm, chosen for its performance in
prior comparisons (see Results), was used to construct
context-specific metabolic models for CRC samples.
Gene expression data in TPM from TCGA-COAD were
mapped to reactions using the gene-protein-reaction
rules from HUMAN-GEM model, with HUMAN-GEM
as the reference metabolic model. IModels were
generated for each tumor sample using the RAVEN
Toolbox, with Gurobi as the optimization solver for
efficient computation. To assess model quality, a binary
reaction content matrix (indicating active reactions) was
subjected to t-SNE dimension reduction and visualized
as scatter plots to confirm cancer-specific metabolic
profiles.

Model integration

To generate representative metabolic models for CRC
and normal colon tissue, we extracted reactions active in
at least 50% of individual models derived from colon
cancer and normal colon samples (TCGA-COAD). This
50% threshold was selected based on sensitivity
analyses to balance the inclusion of shared reactions
with tissue specificity. Using ftINIT-generated models
from HUMAN-GEM, reaction extraction and merging
were performed in the RAVEN Toolbox. Core
reactions, defined as those present in 50% or more of
models, were combined into a union set while retaining
the gene-protein-reaction rules of HUMAN-GEM. This
process resulted in two models: one indicating CRC
metabolism and the other representing normal colon
metabolism.

Forced biomass reduction modeling

To further analyze the metabolic effects of 5-FU, the
FVSEOF algorithm was applied to both the cancerous
and normal metabolic models?®. We conducted this
step to model how a forced reduction in biomass
production in the presence of 5-FU influences the
activity of other reactions within the metabolic network.
The FVSEOF algorithm progressively reduced biomass
flux while monitoring the corresponding changes in the
flux of other reactions. The output consisted of a
comprehensive list of metabolic reactions whose fluxes
were altered during the forced reduction of biomass.
These reactions were categorized based on whether their
fluxes increased or decreased. Both types of flux
changes were evaluated for their potential contribution
to reduced biomass production, providing insights into
how 5-FU affects metabolic pathways linked to cell
growth and survival.
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Simulation of amino acid uptake under metabolic
stress

To model differential metabolic responses under
therapeutic stress, flux balance analysis was performed
on individual cancer and healthy tissue-specific
metabolic models. Baseline flux distributions were
calculated to determine the uptake fluxes of valine and
lysine. An essential reaction targeted by 5-FU was then
constrained to 20% of its baseline flux to simulate
partial enzymatic inhibition. Under these constrained
conditions, flux balance analysis was repeated, and
amino acid uptake fluxes were evaluated. Samples were
categorized based on whether their amino acid uptake
fluxes remained above 20% of baseline (indicating
preserved uptake capacity), approximated 20%
(proportional reduction), or fell below 20% of baseline
values.

Cell culture

The HT-29 human colorectal adenocarcinoma cell
line (IBRC C10097, Iranian Biological Resource
Center) was cultured in DMEM/F12 medium (Gibco,
USA) supplemented with 10% fetal bovine serum, 100
pg/mL of streptomycin, 100 U/mL of penicillin, and 2
mM of L-glutamine. Cells were maintained in a
humidified atmosphere with 95% humidity and 5% CO>
at 37 °C to ensure optimal growth. These conditions
supported cell proliferation and reproducibility for
subsequent assays to validate computational predictions
of 5-FU synergistic metabolites.

MTT assay

To evaluate the survival of HT-29 CRC cells, the
MTT assay was performed using metabolites predicted
by FVSEOF analysis with 5-FU. Solid compounds were
dissolved in 1 ml of DMSO or phosphate-buffered
saline, depending on solubility, to create stock solutions
exceeding the highest tested concentration. Serial
dilutions were then prepared in DMEM/F12 medium to
obtain six concentrations (0.1-100 uM). For the assay,
100 pl of DMEM/F12 medium supplemented with 10%
fetal bovine serum containing 12,000 cells was added to
each well of a 96-well plate. Plates were incubated with
5% CO, at 37 °C for 24 hours to allow cell adherence.
The medium was then removed, and wells were treated
with compound dilutions, 5-FU (positive control) or
solvent vehicle (negative control) for 48 hours. After
treatment, 20 pl of MTT dye (5 mg/ml in phosphate-
buffered saline) was added per well, and plates were
incubated for 3—4 hours. The medium and MTT dye
were removed, and 100 pl of DMSO was added to
dissolve formazan crystals. After 15 minutes,
absorbance was measured at 545 nm (with 630 nm as
background) using an ELISA reader to assess cell
viability. MTT results were subsequently analyzed
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using Compusyn software version 1.0 to evaluate
potential synergistic effects between 5-FU and the tested
metabolites°l,

Flow cytometry

To investigate the cell death mechanisms induced by
metabolites synergistic with 5-FU, flow cytometry was
performed using Annexin V/PI staining on HT-29 CRC
cells (see Cell Culture). Cells were cultured in T25
flasks with DMEM/F12 medium until ~80%
confluence. After removing the medium, cells were
treated under three conditions: (1) 5-FU alone at its ICso
concentration (determined by MTT assay), (2) 5-FU at
1/5 x 1Csp combined with each FVSEOF-predicted
metabolite at 100 pg/ml, or (3) an untreated control.
Cells were incubated in a humidified incubator with 5%
CO; at 37 °C for 48 hours, then trypsinized, harvested,
and stained with Annexin V-FITC and propidium iodide
using a commercial kit (BD Biosciences, New Jersey).
Flow cytometry analysis distinguished viable, early
apoptotic, late apoptotic, and necrotic cells.

RESULTS

Algorithm selection and model construction

As illustrated in the schematic overview of the
computational workflow presented in Figure 1A, gene
expression datasets were retrieved and analyzed to
construct accurate context-specific GEMs for normal
tissues. RNA-seq expression data from 25 normal
samples, each from colon, gastric, lung, and breast
tissues, were obtained from TCGA using the TCGA
biolinks package in R, in both TPM and FPKM formats.
These datasets provided the foundation for building and
evaluating tissue-specific metabolic models. To identify
the optimal algorithm for context-specific model
construction, we compared three reconstruction
methods—GIMME, INIT, and ftINIT—and applied
them to the collected expression data. GIMME was
implemented using FPKM data with two thresholding
strategies: a fixed threshold of 2.5 and a modified
thresholding scheme based on a minimum (1.2 FPKM)
and maximum (5 FPKM) range. In this modified
version, genes below the minimum threshold were
considered inactive, those above the maximum were
active, and genes within the range were evaluated based
on their mean FPKM across all tissues. For INIT and
ftINIT, TPM expression data were used. Three
thresholding approaches were tested for ftINIT: (1) a
fixed threshold of 1 TPM, (2) the mean TPM across all
samples, and (3) the mean TPM per tissue type (i.e.,
tissue-specific mean thresholding). All models were
constructed using the HUMAN-GEM metabolic
template, and the resulting reaction content was

Iran. Biomed. J. 29 (5): 321-334
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Fig. 1. Integrated computational and experimental workflow for identifying 5-FU synergistic metabolites. (A) Computational pipeline
for constructing context-specific metabolic models and identifying synergistic metabolites using FVSEOF. (B) Experimental workflow
illustrating cell culture, MTT assay, and flow cytometry procedures for validating predicted metabolite-5-FU synergies.

encoded as binary matrices to represent the presence or
absence of reactions per model. To assess the ability of
the algorithms to generate biologically relevant, tissue-
specific models, we applied t-SNE to the binary reaction
matrices to visualize clustering by tissue type (Fig. 2).
A detailed comparison of algorithms and thresholding
strategies is summarized in Supplementary Table S1,
highlighting the different performance outcomes. The
results revealed that modified thresholding improved
the ability of GIMME to distinguish between tissues and
ftINIT, particularly when using tissue-specific mean
thresholds, which produced the most distinct and
consistent clustering of models by tissue type. Given its
ability to generate the most distinct and consistent
clustering of tissue-specific models, ftINIT with tissue-
specific mean threshholds was chosen as the optimal
algorithm, thereby ensuring biological relevance for
subsequent CRC GEM reconstruction.

Context-specific GEM integration

Following algorithm selection, RNA-seq data for
CRC tissue samples from patients who had received
adjuvant 5-FU therapy were obtained from TCGA-
COAD using the TCGADbiolinks package in R (Fig. 3A).

Iran. Biomed. J. 29 (5): 321-334

TPM-formatted gene expression data were used to
construct metabolic models for both CRC and normal
colon tissue samples using the ftINIT algorithm, the
HUMAN-GEM reference model, and TPM gene
expression data. Model reconstruction was performed in
the RAVEN Toolbox with Gurobi as the optimization
solver. For thresholding, mean TPM expression values
were applied—cancer-specific means for tumor samples
and colon-specific means for normal samples. Tumor
and normal metabolic models differed in both the
average number of reactions and the sets of unique
reactions present in each group, reflecting distinct
underlying metabolic architecture (Fig. 3B). To assess
whether these models could effectively differentiate
between tumor and normal metabolic states, reaction
content was represented as binary presence/absence
matrices. A t-SNE dimensionality reduction was
then applied to these matrices. The resulting
two-dimensional scatter plot (Fig. 3C) demonstrated
a clear separation between cancerous
and normal samples, confirming that the models
successfully captured distinct metabolic features
associated with each tissue type. To further facilitate
comparative analysis and simulation, we constructed
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Fig. 2. t-SNE plots comparing tissue-specific separation across different algorithms and thresholding strategies for metabolic model
construction. (A) GIMME with a fixed threshold of 2.5 shows partial tissue clustering; (B) GIMME with off/on thresholding (1.2/5)
improves tissue separation, notably distinguishing lung and colon; (C) INIT with a threshold of 1 provides limited separation among
tissue types; (D) ftINIT with a global mean expression threshold results in overlapping clusters, suggesting low tissue specificity; (E)
ftINIT with a fixed threshold of 1 enhances separation compared to tINIT; (F) ftINIT with a group-wise mean expression threshold
yields the clearest tissue-specific clusters, particularly for colon and breast tissues, and was selected for further modeling.

integrated metabolic models for both cancerous and
normal colon tissues. Integration was achieved by
merging reactions present in at least 50% of the
individual models within each group. This 50%
threshold, based on the previously generated ftINIT
models, balanced tissue specificity with reaction
coverage. The integration process, conducted in the
RAVEN Toolbox, resulted in two representative
models: one capturing the core metabolic features of
CRC and the other representing normal colon tissue
metabolism. These context-specific consensus models
provided a robust foundation for subsequent flux-based
analyses, including simulation of 5-FU action and
prediction of synergistic metabolite interventions
tailored to the metabolic landscape of CRC.

Simulation of 5-FU effect and metabolite prediction

To identify metabolic interventions that could
enhance the therapeutic efficacy of 5-FU, we applied the
FVSEOF algorithm to the integrated cancer-specific and
normal colon tissue models. This simulation was
performed in the COBRA Toolbox to detect reactions
whose feasible flux ranges were altered in response to
reduced biomass production, mimicking the inhibitory
action of 5-FU. Specifically, the FVSEOF algorithm
simulated the progressive suppression of biomass flux
by constraining the activity of TS, the primary target of
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5-FU. The resulting flux distributions revealed reactions
whose minimum or maximum feasible flux values
shifted under this constraint. Among these reactions,
metabolite uptake reactions exhibiting altered flux
ranges were prioritized as potential synergistic
candidates with 5-FU. In the CRC model, the uptake
flux ranges of lysine, valine, and aspartate were affected
by enforced biomass reduction. In the normal colon
model, lysine and aspartate uptake ranges were also
affected, whereas the phosphatidylethanolamine flux
range was uniquely influenced. These results indicate
that metabolite uptake ranges are differentially
modulated in tumor metabolism under 5-FU stress,
potentially amplifying the cytotoxic effects of the drug.
Among the identified candidates, valine and lysine, as
essential amino acids, were chosen for further analysis.

Metabolic vulnerabilities revealed by amino acid
uptake under drug stress

To further investigate metabolic involvement in
therapeutic response, we simulated partial blockade of
the TS reaction (the primary target of 5-FU) by
constraining its flux to 20% of baseline values across
individual cancer and normal tissue-specific models.
To thisend, flux balance analysis was first conducted
for each model under normal (drug-free) conditions to
obtain baseline fluxes, including the TS flux (Vts) and

Iran. Biomed. J. 29 (5): 321-334
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Fig. 3. Comparative analysis of CRC and normal metabolic models. (A) Sample distribution of the TCGA-COAD dataset, showing

the number of CRC and normal samples used for model generation;
reactions between cancer-specific and normal metabolic models,

(B) Comparison of the average number of reactions and shared
highlighting distinct metabolic architectures; (C) t-SNE plot

demonstrating the separation between cancer and normal colon metabolic models based on reaction content.

the uptake fluxes of valine (Vval) and lysine (Vlys).
Subsequently, the TS flux was restricted to 0.2x valine
to simulate partial drug inhibition, expected to reduce
biomass production. Uptake fluxes were then evaluated
relative to the 20% TS constraint, without requiring
proportional scaling. Under these stress conditions, we
then analyzed the uptake fluxes of valine and lysine
under these stress conditions. Notably, normal tissue
models more frequently maintained elevated amino acid
uptake compared to cancer sample models. Specifically,
28.0% of normal sample models versus 21.8% of cancer
sample models sustained valine uptake above the
expected proportional reduction. Similarly, 40.0% of
normal sample models versus 30.5% of cancer sample
models maintained elevated lysine uptake (Fig. 4).
These findings suggest that, compared to CRC cell lines,
normal epithelial cells retain a superior capacity to
consume excess valine and lysine under 5-FU-induced
metabolic stress. This difference likely reflects
variations in metabolic flexibility and mitochondrial

Iran. Biomed. J. 29 (5): 321-334

function. Previous studies have shown that 5-FU alters
the expression of genes involved in amino acid
metabolism and oxidative phosphorylation in CRC
cellsBL32, In contrast, normal cells maintain more
robust mitochondrial oxidation and redox control,
enabling efficient catabolism of these amino acids and
reducing the accumulation of toxic intermediates(®:l.
This difference in uptake has important therapeutic
implications, as both amino acids generate highly toxic
intermediates during catabolism. Valine metabolism

produces methacrylyl-CoA and methylmalonyl-
CoAB4%l  while lysine catabolism  generates
saccharopine, a-aminoadipic semialdehyde, and

piperideine-6-carboxylatel®¢71 all of which are
documented cytotoxic compounds. The higher
consumption rates observed in normal cells suggest a
greater tolerance for these compounds, while the
relatively lower uptake in cancer cells may lead to
enhanced cytotoxicity when valine and lysine are
supplemented in combination with 5-FU.
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Fig. 4. Distribution of sample models by (A) valine and (B) lysine uptake response to simulated drug inhibition. For each sample
model (cancer and normal), the uptake flux of the indicated amino acid was examined after constraining an essential reaction to 20% of
its baseline value (to mimic drug-induced inhibition). Sample models were categorized based on whether their amino acid uptake fluxes
decreased to a level greater than, similar to, or lower than the expected proportional baseline (20% of the original uptake).

Combination effect of 5-FU with predicted
metabolites in cancer and normal cells

As outlined in the experimental workflow (Fig. 1A),
cytotoxicity assays were conducted to experimentally
validate the synergistic potential of valine and lysine.
These assays were performed using HT-29, as a CRC
cell line, and HUO2, as a normal fibroblast cell line.
Initial evaluations focused on determining the toxicity
profiles of 5-FU and two candidate metabolites—Ilysine
and valine—administered as single agents individually.
Cells were treated with a wide range of concentrations
(10,000, 2,000, 400, 80, 16, and 3.2 pg/ml for
metabolites and 400, 80, 16, 3.2, 25, 12.5, 6.25, 3.12,
0.64, and 0.128 pg/ml for 5-FU), allowing for the
generation of dose-response curves and calculation of
ICso values, which provided a foundation for assessing
therapeutic index and selectivity. Based on the 1Cs data
(Table 1), combination treatments were then designed to
explore potential synergistic interactions between 5-FU
and selected metabolites. Lysine, valine, and
phenylalanine (used as a negative control) were
combined with 5-FU at concentrations corresponding to
1Cs0, 1/5 % I1Csp, and 1/10 x ICsp, and tested in both HT-
29 and HUO2 cells using the MTT assay. Viability data
were analyzed using the CI method via Compusyn

software to assess the nature of drug interactions. In HT-
29 cancer cells, combinations of 5-FU with lysine and
valine exhibited synergistic effects across all tested
concentrations, as indicated by CI values less than one.
In contrast, phenylalanine showed no synergistic effect,
confirming its role as a negative control (Table 2 and
Fig. S1A-S1C). To further illustrate these differences,
we generated the corresponding dose-response curves
for each treatment, which clearly displayed the ICso
shifts and the concentration-dependent reduction in cell
viability (Fig. S2A-S2C). Notably, when these
combinations were tested in HUO2 normal fibroblast
cells, their effects were distinctly attenuated (Table 3
and Fig. S1D-S1F). These metabolites exhibited weak
synergistic effects with 5-FU at higher concentrations
(>ICso), whereas at a lower concentration (1/10 x 1Csp),
unlike in HT-29 cancer cells that displayed strong
synergy, they showed no synergistic effect. Consistent
with these results, the corresponding dose-response
curves confirmed the attenuated response in normal
cells (Fig. S2D-S2F). These differential responses
highlight cancer cell selectivity, suggesting that lysine
and valine—particularly in combination with 5-FU—
may enhance therapeutic outcomes in CRC while
limiting toxicity to normal tissue.

Table 1. ICso values of candidate compounds on the HT-29 CRC cell and HUO02 normal cell line

Sample ICso (uM) on HT-29 cell line ICso (uM) on HUO2 cell line
Lysine >68,400 >68,400
Valine >85,400 >85,400
Phenylalanine >60,600 > 60,600
Fluorouracil 101.0 £ 0.09 44.1 £0.07

Data are presented as the mean + standard deviation (SD) of three independent replicates

(n = 3), with 95% confidence intervals.
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Table 2. Cl values and cell viability percentage for 5-FU combined with selected metabolites at various concentrations in the

HT-29 cell line
5-FU Metabolite Effect% Cl Effect% Cl Effect% Cl
(pg/ml™) (ug/ml”) (Lys) [""p value] (Lys) (Val) ["p value] (val) (Phe) [""p value] (Phe)
0.599 0.622 0.430
20.0 1000.0 [0.9] 0.81431 [0.35] 0.93916 [0.008] 2.98287
0.571 0.591 0.379
20.0 100.0 [0.9] 0.78617 [0.43] 0.75974 [0.001] 3.16612
0.454 0.537 0.363
20.0 10.0 [0.6] 0.85269 [0.65] 0.87897 [0.002] 3.42664
0.484 0.541 0.39
4.0 1000.0 [7e-05] 0.27688 [3e-05] 0.51275 [0.03] 1.37726
0.482 0.539 0.31
4.0 100.0 [0.0001] 0.21766 [3e-05] 0.20808 [0.003] 1.07213
0.439 0.454 0.274
4.0 10.0 [0.01] 0.24363 [0.001] 0.23505 [0.03] 1.27879
0.450 0.527 0.04
2.0 1000.0 [0.0001] 0.19927 [5e-05] 0.44083 [Le-05] 20.4012
0.440 0.485 0.02
2.0 100.0 [0.001] 0.12856 [4e-04] 0.14243 [3e-05] 50.8750
0.419 0.451 7.0E-4
2.0 10.0 [0.02] 0.13055 [9e-05] 0.12077 [4e-04] 7930.04

At the tested concentrations, approximate molar equivalents are: 5-FU (20, 4, 2 pg/ml = 154, 31, 15 uM), lysine (1000, 100, 10 pg/ml
~ 6840, 684, 68 uM), valine (1000, 100, 10 pg/ml = 8536, 854, 85 uM), and phenylalanine (1000, 100, 10 pg/ml = 6054, 605, 61 uM);

"*In comparison to 5-FU alone

Flow-cytometric assessment of apoptosis induced by
5-FU and its metabolite combinations

Flow cytometric analysis using Annexin V-FITC/PI
staining was performed to investigate the mechanism of
cell death induced by 5-FU and its combination with
FVSEOF-identified metabolites in the HT-29 CRC cell
line (Fig. 5). In the untreated control group, 73.5% of
cells remained viable, with 23.1% undergoing apoptosis
and 3.33% indicating necrosis. Treatment with 5-FU at
its ICso concentration increased cell death, resulting in
36.4% apoptotic and 22.5% necrotic cells, reducing
viable cells to 41.1%. Notably, when 5-FU was
administered at 1/5 x ICsg in combination with lysine or
valine (100 pg/ml), apoptosis was significantly
enhanced with minimal necrosis. Specifically,
valine induced 51.2% apoptosis with 0.94% necrosis,
while lysine induced 53.8% apoptosis with 1.49%
necrosis. These findings demonstrate that even at the
reduced 5-FU concentrations, co-treatment with lysine
or valine enhances apoptotic cell death while
minimizing necrotic damage, which suggests

Iran. Biomed. J. 29 (5): 321-334

a targeted and less toxic mechanism for effective
CRC therapies.

DISCUSSION

This study introduces a novel application of the
FVSEOF algorithm to identify metabolites that
synergize with 5-FU treatment in CRC. In vitro
validation demonstrated that FVSEOF-predicted
metabolites, lysine and valine, exhibited synergy with 5-
FU in HT-29 CRC cells, as confirmed by CI analysis.
Although phenylalanine, included as a negative control,
did not show synergy, it displayed an interesting
antagonistic behavior that needs investigation in future
studies. These combinations were selective for cancer
cells compared to normal HUO2 fibroblasts, suggesting
targeted therapeutic potential. Flow cytometry analysis
confirmed that these combinations significantly
enhanced apoptosis while minimizing necrosis, even at
the reduced 5-FU concentrations.
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Table 3. Cl values and cell viability effects for 5-FU combined with selected metabolites at various concentrations in HUO2 cell line

5-FU Metabolite Effect% Cl Effect% Cl Effect% Cl
(ug/ml*) (ug/ml”) (Lys) ["p value] (Lys) (Val) ["p value] (val) (Phe) ["p value] (Phe)
0.705 0.691 0.557
20.0 1000.0 [8e-05] 0.66143 [.0001] 0.67071 [0.003] 2.48045
0.702 0.677 0.512
20.0 100.0 [26-04] 0.58704 [0.003] 0.74033 [0.0001] 3.2015
0.691 0.668 0.503
20.0 10.0 [26-04] 0.64458 [0.008] 0.80402 [0.002] 3.3909
0.673 0.627 0.466
4.0 1000.0 [0.005] 0.26291 [0.01] 0.26694 [0.0001] 1.3156
0.583 0.595 0.399
4.0 100.0 [0.02] 0.35906 [0.009] 0.31504 [ Le-05] 1.7025
0.469 0.495 0.384
4.0 10.0 [0.03] 0.91050 [0.1] 0.73042 [ 8e-04] 1.8923
0.383 0.214 0.386
2.0 1000.0 [0.3] 1.15269 [0.2] 5.50250 [0.09] 1.38063
0.35 0.125 0.324
2.0 100.0 [0.9] 1.30856 [0.001] 21.0121 [0.7] 1.6827
0.201 0.037 0.321
2.0 10.0 [0.1] 6.38713 [0.01] 332.817 [0.6] 1.6984

At the tested concentrations, approximate molar equivalents are: 5-FU (20, 4, 2 pg/ml = 154, 31, 15 uM), lysine (1000, 100, 10 pg/ml
~ 6840, 684, 68 uM), valine (1000, 100, 10 pg/ml ~ 8536, 854, 85 uM), and phenylalanine (1000, 100, 10 pg/ml = 6054, 605, 61 uM);

**in comparison to 5-FU alone

The synergistic interactions observed between 5-FU
and the selected amino acids, particularly lysine and
valine, can be mechanistically interpreted through their
metabolic contributions in cancer cell metabolism.
Lysine is catabolized into acetyl-CoA, a TCA cycle
intermediate, potentially contributing to biosynthetic
and energy-generating pathways under certain
metabolic conditions!®]. This metabolic activation may
increase the demand for deoxynucleotides. By inhibiting
TS, 5-FU disrupts their synthesis, thereby inducing
replication stress and enhancing cytotoxicity. Valine
follows a similar rationale, as it is catabolized into
succinyl-CoA, contributing to the TCA cycle and
modestly supporting anabolic activity, particularly
when other energy sources are limited®. Such
metabolic activation could potentially amplify the
cytotoxic effects of 5-FU by increasing the sensitivity of
proliferating cells to dTMP depletion. While these
interpretations align with known metabolic functions of
the amino acids, it is important to note that our
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predictions stem from a constraint-based metabolic
modeling framework that does not capture regulatory or
signaling dynamics. For example, lysine may influence
histone acetylation and epigenetic states, while valine
may modulate mTOR signaling, mechanisms that fall
outside the scope of GEMsM4d, Both histone
acetylation and mTOR signaling are closely linked to
apoptotic regulation, suggesting that the observed
enhancement of 5-FU-induced apoptosis may, at least in
part, be mediated through these pathways. Considering
these constraints and the emergent nature of the
predicted synergies, additional studies—such as
metabolomics, fluxomics, and pathway-specific
analyses—are needed to fully elucidate the underlying
biological mechanisms.

Metabolic  modeling has  transformed  our
understanding of cancer cell vulnerabilities, but its
application to chemotherapy enhancement remains
limited(!?, The FVSEO algorithm was initially
developed to identify gene or reaction targets that

Iran. Biomed. J. 29 (5): 321-334
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Fig. 5. Flow cytometry analysis (annexin V/PI staining) of HT-29 CRC cells treated with 5-FU and its synergistic metabolites. Cells
were stained with annexin V-FITC and propidium iodide to assess early apoptosis (Q3), late apoptosis (Q2), necrosis (Q1), and viable
cells (Q4). (A) 5-FU + lysine: enhancement of late (33.1%) and early (20.7%) apoptosis; (B) 5-FU + valine: similar profile with late
(30.6%) and early (20.6%) apoptosis; (C) 5-FU alone: late (33.1%) and early (3.3%) apoptosis, indicating necrotic shift; (D) DMEM/F12
as negative control; (E) cytotoxic effect of 5-FU alone and in combination with valine or lysin on HT-29 cell line. Data are presented as
the mean + SD of three independent replicates (n = 3), with 95% Cls.
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enhance metabolite  production in  bioprocess
optimization. It has since been successfully adapted for
culture medium optimization across both mammalian
and microbial systems[?°42431,  However, to our
knowledge, this is the first study applying FVSEOF to
predict synergistic metabolites for chemotherapy
enhancement in cancer cells. By simulating TS
inhibition, FVSEOF successfully identified metabolites
whose metabolic uptake fluxes were altered under
constrained biomass production, pinpointing aspartate,
lysine, and valine as candidates.

In our study, additional computational modeling using
flux balance analysis revealed a critical metabolic
distinction. Normal colon sample models demonstrated
superior capacity to maintain amino acid uptake under
simulated drug stress compared to cancer cell models.
This differential uptake pattern provides a mechanistic
explanation for the selective enhancement of 5-FU
efficacy observed experimentally. The therapeutic
implications may arise from the toxic nature of lysine
and valine metabolic intermediates. Lysine catabolism
generates highly cytotoxic compounds, including
saccharopine, a-aminoadipic semialdehyde, and
piperideine-6-carboxylate, while valine metabolism
produces methacrylyl-CoA and methylmalonyl-CoA,
both established as toxic intermediates. When excess
lysine and valine are supplemented, these toxic
metabolites accumulate within cells. However, the
superior uptake capacity of healthy cells suggests that
they can more rapidly consume the supplemented amino
acids and manage toxic intermediates. In contrast, the
lower uptake capacity of cancer cells suggests that
accumulation of these cytotoxic metabolites makes
cancer cells more vulnerable to the combined treatment.
This mechanism explains the selective cytotoxicity
observed in our experimental validation and
corroborates the potential for amino acid co-
supplementation as a strategy to improve the therapeutic
effectiveness of 5-FU. The computational predictions,
combined with the known toxicity of metabolic
intermediates, provide a rational basis for this metabolic
vulnerability-based approach to cancer therapy

Previous studies have demonstrated that metabolic
interventions, such as omega-3 fatty acid or taurine
supplementation and methionine restriction, can
sensitize tumors to chemotherapy by modulating
metabolic pathways['72%2244 Qur findings align with
these observations, extend the concept by identifying
specific metabolites—Ilysine and valine—as novel
modulators of 5-FU efficacy. Unlike earlier empirical
approaches, our study employs systems biology-driven
prediction, offering a targeted and mechanistically
informed strategy for metabolic intervention.

The discovery that lysine and valine can synergize
with 5-FU opens new avenues for CRC therapy.
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Supplementation with these amino acids could allow for
lower effective doses of 5-FU, potentially reducing
systemic toxicity while maintaining or even enhancing
therapeutic outcomes. Given their dietary origin and
biocompatibility, these metabolites represent promising,
accessible adjuncts to standard chemotherapy regimens.
Despite these promising results, the findings of this
study are limited to in vitro assays using a single CRC
cell line (HT-29) and a normal fibroblastic cell line
(HUO02). Broader validation across multiple cell lines
and in vivo models is necessary. Additionally, while
metabolic mechanisms have been proposed, detailed
metabolomic analyses are needed to further elucidate
the exact pathways contributing to the observed
synergy. Clinical trials evaluating 5-FU in combination
with lysine and valine supplementation could
substantiate the translational potential of these findings.
Furthermore, refining FVSEOF by integrating multi-
omics datasets could enhance its predictive accuracy for
broader applications in cancer therapy.

CONCLUSION

This study establishes FVSEOF as an effective and
versatile tool for predicting synergistic metabolic
interventions in cancer therapy. By integrating GEM
with experimental validation, we identified specific
amino acids—Ilysine and valine—that can selectively
enhance the cytotoxicity of 5-FU in CRC cells. These
findings highlight the potential of metabolically
informed strategies to improve the efficacy and
specificity of chemotherapy. The proposed approach
offers a promising direction for developing adjunct
therapies that exploit tumor metabolism while
minimizing toxicity to normal tissues.
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