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Introduction: Metabolic reprogramming is a defining feature of colorectal cancer, and amino acid metabolism constitutes 
a major functional axis supporting proliferation, stress tolerance, and treatment resistance. We aimed to compare the intra-
cellular free amino acid profile of human colon tumor-116 (HCT-116) colon cancer cells with that of normal colon cells (CCD) 
using a targeted metabolomics workflow. 
Methods: Cells were cultured under standard conditions. Free amino acids were quantified by liquid chromatography-mass 
spectrometry/mass spectrometry using multiple reaction monitoring following derivatization with a commercial kit, based 
on a modified protocol previously described by Celik et al. Data preprocessing (median normalization, log10 transformation, 
and Pareto scaling) and statistical analyses were performed in MetaboAnalyst 6.0. Group comparisons used a two-sample 
t-test with Benjamini-Hochberg false discovery rate correction. Multivariate analyses (principal component analysis [PCA] 
and partial least squares-discriminant analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment/
topology analyses were conducted. 
Results: PCA demonstrated clear metabolic separation between HCT-116 and CCD cells, with PC1 explaining 91.1% of to-
tal variance. Differential analysis indicated selective yet pronounced changes: taurine and phosphoethanolamine were in-
creased, whereas citrulline, cystine, and thiaproline were decreased in HCT-116 cells. KEGG pathway analysis highlighted sig-
nificant enrichment of valine/leucine/isoleucine biosynthesis, one-carbon pool by folate, arginine biosynthesis, and glycine/
serine/threonine metabolism. 
Discussion and Conclusion: HCT-116 cells exhibited pronounced reprogramming across redox-related (cystine/taurine), 
membrane phospholipid intermediate (phosphoethanolamine), and one-carbon/arginine-linked metabolic networks. This 
study supports hypothesis generation for testing targetable vulnerabilities, including the xCT/SLC7A11 axis and key one-car-
bon metabolic nodes.
Keywords: Amino acid metabolism; colorectal cancer; cystine; metabolomic; taurine.

Colorectal cancer (CRC) is one of the malignancies in 
which metabolic reprogramming significantly shapes 

tumor growth, invasion, stress tolerance, and treatment 
response [1–5]. One of the most important components of 

this reprogramming is amino acid metabolism, because 
amino acids serve not only as the building blocks of protein 
synthesis but also as essential metabolic hubs for redox 
balance, nucleotide synthesis, epigenetic regulation, and 
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the maintenance of nutrient-sensitive signaling networks 
[1,3–5]. In particular, changes in the free amino acid pool 
provide direct insights into how cancer cells adapt to 
environmental and intracellular stress conditions [1,3]. In 
CRC, the reorganization of amino acid metabolism occurs 
within a multilayered biological network. While redox 
homeostasis is maintained via the cystine–glutathione axis 
on one hand, the serine–glycine–one-carbon metabolism 
supports nucleotide synthesis and methylation capacity; 
in parallel, arginine metabolism influences nitrogen flux, 
polyamine biosynthesis, and nitric oxide-related signaling 
[6–9]. In recent years, it has been demonstrated that 
disruption of amino acid signaling mechanisms in the CRC 
is associated with mechanistic target of rapamycin complex 
1 (mTORC1) activation, chemoresistance, and metabolic 
plasticity [3,5]. Targeted metabolomic approaches offer a 
significant advantage in the experimental analysis of these 
networks. Liquid chromatography-mass spectrometry/
mass spectrometry (LC-MS/MS)-based amino acid profiling 
reveals directional changes in the intracellular free amino 
acid pool with high sensitivity, while MetaboAnalyst and 
Kyoto Encyclopedia of Genes and Genomes (KEGG)-based 
analyses enable the correlation of these changes with 
biological pathways [10–13]. Thus, it becomes possible to 
interpret not individual metabolites but the functional 
metabolic networks they form [11,12].

In this study, the intracellular free amino acid profiles of 
the human colon tumor-116 (HCT-116) colon cancer cell 
line and the normal colon cell line (CCD) were compared; 
the metabolites that most strongly distinguish the cancer 
phenotype, the correlation patterns of these metabolites, 
and the associated pathways were evaluated. The primary 
objective of the study is to elucidate the biochemical 
reprogramming associated with redox balance, membrane 
phospholipid biosynthesis, and one-carbon/arginine 
metabolism in HCT-116 cells.

Materials and Methods 

Cell Culture
The study utilized cancer and normal cell lines obtained from 
ATCC and stored in liquid nitrogen. HCT-116 colon cancer 
cells and CCD normal colon cells were cultured in DMEM: 
F-12/RPMI-1640 medium (Sigma-Aldrich) containing 10% 
fetal bovine serum, 100 µg/mL streptomycin, and 100 IU/
mL penicillin in a humid atmosphere containing 5% carbon 
dioxide and 95% air at 37°C.

Cell Harvesting and Homogenization
Once the cells reached 80–90% confluence in 75 cm2 
flasks, the culture medium was removed, and the cells 

were detached via trypsinization. The harvested cells were 
centrifuged at 1000 rpm for 5 min. Cold lysis buffer was added 
to the resulting pellet, and the mixture was homogenized 
using a tissue homogenizer. After homogenization, the 
samples were centrifuged again at 1000 rpm, and the 
supernatant was used for metabolomic analysis.

Targeted Free Amino Acid Profiling by LC-MS/MS
Free amino acid levels were measured using a Shimadzu 
LC-MS-8045 system (Shimadzu Corporation, Kyoto, Japan), 
based on a modified version of the method described by 
Celik et al. [10] and using a commercial derivatization kit. 
Samples were prepared in 0.1 M HCl and labeled with 
13C/15N-labeled internal standards. To facilitate protein 
precipitation and derivatization, the samples were mixed 
with a propanol-based organic buffer, followed by the 
addition of a chloroform-isooctane mixture containing 
5% alkyl chloroformate. After a 3-min incubation, the 
upper organic phase was separated by centrifugation, 
and 1 µL of the derivatized phase was injected into the 
LC-MS/MS system. Measurements were performed in 
triplicate for each group.

Chromatographic separation was performed on a Trimaris 
Amino Acid C18 column (250 mm×2 mm, 3 µm). Mobile 
phase A consisted of water: methanol:1 M ammonium 
formate (85:14:1), and mobile phase B was methanol. 
Detection was performed under positive ionization 
conditions (ESI+) in multiple reactions monitoring data 
acquisition mode.

Statistical Analysis
All statistical analyses were performed using the 
MetaboAnalyst 6.0 platform [11]. Median normalization, 
log10 transformation, and Pareto scaling were applied to 
the dataset to improve normality and balance differences 
in scale; before log transformation, zero values were 
imputed using the half-minimum method. For between-
group comparisons, a two-sample t-test was used, and 
false discovery rate (FDR) correction was performed using 
the Benjamini-Hochberg method to reduce false-positive 
results that could arise from multiple comparisons [13]. 
The threshold for statistical significance was set at FDR 
<0.05. Values shown as p<0.001 in Table 1 encompass 
all metabolites with p-values below 4.5×10–4 in the 
MetaboAnalyst output; lower-order p-values were reported 
in this manner in the table for uniform presentation. Fold 
change (FC) and volcano plot analyses were performed 
to evaluate changes in metabolite levels. Multivariate 
statistical analyses, including principal component analysis 
(PCA) and partial least squares-discriminant analysis (PLS-
DA), were applied. Variable importance in projection 
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(VIP) scores were calculated to identify the metabolites 
contributing most to class discrimination; a VIP >1 threshold 
was considered indicative of discriminatory contribution. 
Interrelationships among metabolites were examined 
using the Pearson correlation coefficient and hierarchical 

clustering. Significant metabolites were subjected to 
enrichment and pathway topology (impact) analyses using 
the KEGG database; additionally, an enrichment network 
analysis was constructed using the Jaccard similarity index 
based on shared metabolites [11,12].

Table 1. Free amino acid levels measured in HCT-116 and CCD cells, mean±SD, p-values, and FDR values

Parameters HCT-116 (n=3)
Mean±SD

CCD (n=3)
Mean±SD

p FDR

Alanine 95.34±16.94 173.53±34.61 <0.001 0.00015
Arginine 23.63±4.08 2.42±0.61 <0.001 0.00027
Asparagine 14.13±2.92 27.82±6.38 <0.001 0.00074
Aspartic acid 48.35±7.63 36.40±7.52 >0.05 >0.05
Citrulline 0.07±0.06 24.72±5.85 <0.001 0.00076
Glutamine 99.59±28.92 153.14±37.32 <0.001 0.00093
Glutamic acid 328.60±86.32 218.25±44.26 >0.05 >0.05
Glycine 237.50±51.25 204.70±41.92 0.0010 0.00213
Histidine 190.36±43.46 181.36±38.45 <0.001 0.00032
Leucine 59.08±11.50 52.72±9.22 <0.001 0.00020
Isoleucine 51.48±9.72 36.66±5.80 >0.05 >0.05
Alloisoleucine 0.37±0.06 0.28±0.05 0.0186 0.02906
Lysine 33.33±5.50 27.83±6.23 >0.05 >0.05
Methionine 30.94±6.24 26.45±5.33 <0.001 0.00093
Ornithine 1.61±0.52 3.56±0.49 <0.001 0.00057
Phenylalanine 26.06±5.51 23.72±3.81 <0.001 0.00093
Proline 82.33±16.73 58.51±12.49 >0.05 >0.05
Serine 118.61±25.03 103.37±22.24 0.0069 0.01127
Threonine 107.84±21.57 94.11±20.07 0.0041 0.00701
Tryptophan 4.89±1.24 5.28±1.06 <0.001 0.00093
Tyrosine 31.60±9.19 24.53±5.83 >0.05 >0.05
Valine 59.66±11.68 48.91±8.90 <0.001 0.00032
Alpha-aminoadipic acid 0.54±0.30 0.85±0.17 >0.05 >0.05
Alpha-aminopimelic acid 1.70±0.06 1.59±0.19 >0.05 >0.05
Anserine 1.35±0.10 2.25±0.42 0.0194 0.02909
Alpha-aminobutyric acid 0.71±0.12 0.63±0.12 0.0041 0.00701
Beta-aminoisobutyric acid 2.45±0.45 1.87±0.33 >0.05 >0.05
Gamma-aminobutyric acid 10.06±1.59 9.42±1.76 <0.001 0.00077
Beta-alanine 6.02±1.42 3.52±0.67 0.0018 0.00345
Sarcosine 8.77±1.93 9.10±1.75 <0.001 0.00027
Cystathionine 0.09±0.03 0.19±0.05 <0.001 0.00057
Thiaproline 0.21±0.18 2.79±0.33 >0.05 >0.05
1-methylhistidine 0.07±0.01 0.03±0.02 >0.05 >0.05
Hydroxyproline 29.88±4.46 22.90±4.67 >0.05 >0.05
Cystine 0.09±0.00 0.89±0.18 <0.001 0.00020
Histamine 0.04±0.01 0.03±0.00 >0.05 >0.05
Ethanolamine 5.81±1.69 1.48±0.20 0.0032 0.00601
Phosphoethanolamine 2.97±1.52 0.00±0.00 <0.001 0.00015
Taurine 70.07±20.24 0.00±0.00 <0.001 0.00000081
An FDR of <0.05 was adopted as the significance criterion. Values reported as p<0.001 include all metabolites with p-values below 4.5×10−⁴ in the MetaboAnalyst 
output; p-values corresponding to lower significance levels are presented in this manner to ensure consistency in the table’s presentation. FDR: False discovery rate; 
SD: Standard deviation; HCT: Human colon tumor; CCD: Normal colon cells.
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Ethics Statement
Since this study involved only cell line-based in vitro 
experimental data, no human participants or laboratory 
animals were used; therefore, ethics committee approval 
was not required.

Results

Free Amino Acid Levels in HCT-116 and CCD Cells
Following data preprocessing, a two-sample t-test and 
Benjamini-Hochberg FDR correction revealed that a 
total of 26 metabolites showed statistically significant 

changes (FDR<0.05) (Table 1). The most pronounced 
increases were observed in the metabolites taurine, 
phosphoethanolamine, arginine, ethanolamine, beta-
alanine, and gamma-aminobutyric acid, while significant 
decreases were detected in the levels of cystine, citrulline, 
ornithine, cystathionine, anserine, and asparagine.

FDR-Corrected Two-Sample t-test Results
The results of the two-sample t-test revealed that 26 
metabolites showing significant differences between HCT-
116 and CCD cells clustered above the FDR threshold (Fig. 
1). In this analysis, taurine, phosphoethanolamine, cystine, 
alanine, and leucine were the most notable metabolites in 
terms of both statistical significance and effect size.

Principal Component Analysis (PCA)
PCA results indicated a distinct metabolic separation 
between HCT-116 and CCD samples (Fig. 2a, b). The PC1 
component explained 91.1% of the total variance, and the 
primary separation between the groups occurred along 
this axis. CCD samples clustered in the negative loading 
region, while HCT-116 samples clustered on the positive 
side. Intra-group distribution was more limited along the 
PC2 (5.4%) and PC3 (1.5%) axes; this indicates that the 
separation was largely driven by PC1.

Volcano Plot Analysis
Volcano plot analysis revealed selective yet robust metabolic 
differences in terms of both statistical significance and FC 
magnitude (Fig. 3a). Taurine and phosphoethanolamine 
emerged as the most prominent metabolites showing 

Figure 1. False discovery rate-corrected scatter plot of the results of 
the two-sample t-test between human colon tumor-116 and CCD cells.

CCD: Colon cell line.

Figure 2. 2D (a) and 3D (b) principal component analysis scatter plot for human colon tumor-116 and CCD samples.

CCD: Colon cell line.

a b
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significant increases, characterized by high positive log2FC 
values and strong statistical significance. In contrast, 
cystine, citrulline, and thiaproline exhibited a distinct 
decrease (Fig. 3a). Arginine and sarcosine were also among 
the metabolites supporting the distinction. The statistical 
threshold was set at FDR<0.05, and the biological effect 
threshold at |log2FC| >1.

Log2 FC Analysis
On examining the log2 FC distribution, taurine and 
phosphoethanolamine were identified as the most 
prominent metabolites showing an increase in HCT-116 
cells (Fig. 3b). In contrast, decreases were observed in 
cystine, thiaproline, and citrulline levels. Although the 
majority of metabolites showed more limited changes 
along the log2FC axis, the directional distribution of 
discriminatory metabolites supports a selective metabolic 
reprogramming in HCT-116 cells.

PLS-DA-Based VIP Analysis
PLS-DA-based VIP analysis identified the metabolites that 
most strongly explained group differentiation (Fig. 4). Based 
on VIP scores, taurine and phosphoethanolamine were the 
metabolites with the highest discriminatory contribution. 
These were followed by citrulline, thiaproline, cystine, 
and arginine. In addition, the fact that the metabolites 
ornithine, cystathionine, asparagine, and alanine had 
VIP scores >1 indicates that these metabolites made a 
significant contribution to class discrimination.

Hierarchical Clustering Heatmap
Hierarchical clustering heatmap analysis revealed that HCT-
116 and CCD samples formed two distinct clusters based 
on their amino acid profiles (Fig. 5a). The tight clustering 
within each group suggests high biological consistency 
within the groups; meanwhile, the fact that the two groups 

form distinct cluster structures far apart from each other 
supports the notion that the metabolic profiles exhibit a 
distinct organization specific to the cell line.

Pearson Correlation Heatmap
The correlation heatmap analysis, generated using Pearson 
correlation and hierarchical clustering, revealed that 
metabolites were divided into two main functional clusters 
(Fig. 5b). In the first cluster, strong positive correlations were 
observed among taurine, phosphoethanolamine, arginine, 
beta-alanine, and ethanolamine. In the second cluster, 
alanine, leucine, glycine, serine, valine, phenylalanine, 
and many other amino acids exhibited strong positive 
relationships among themselves. The presence of a distinct 
negative correlation between these two main clusters 
suggests that metabolic resources in HCT-116 cells are 
reorganized in an opposing yet coordinated manner.

Figure 3. (a) Volcano plot analysis of the human colon tumor-116 and CCD comparison. (b) Log2 fold change distribution of metabolites.

CCD: Colon cell line.

a b

Figure 4. Variable importance in projection score distribution based 
on the partial least squares-discriminant analysis model.
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KEGG-based Pathway Enrichment and Topology 
Analysis
KEGG pathway analysis revealed significant differences in 
amino acid metabolism at the pathway level between HCT-
116 and CCD cells (Fig. 6a). The pathway with the highest 
statistical significance was valine, leucine, and isoleucine 
biosynthesis (FDR=2.14×10–4; 4/8 hits, as mammalian 

cells do not perform de novo biosynthesis of branched-
chain amino acids (BCAA) biosynthesis, this KEGG term 
likely reflects pathway enrichment rather than true 
biosynthetic activity). This was followed by the one-carbon 
pool via folate (FDR=9.61×10–4; 5/26 hits) and arginine 
biosynthesis (FDR=9.61×10−4; 4/14 hits; impact=0.383). 
In terms of topological impact, the glycine, serine, and 

Figure 5. (a) Hierarchical clustering heatmap analysis. (b) Pearson correlation heatmap analysis and metabolic modules.

a b

Figure 6. (a) Kyoto encyclopedia of genes and genomes-based pathway enrichment and topology analysis. (b) Metabolite set enrichment dot 
plot analysis. (c) Pathway interaction network analysis.

a b c
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threonine metabolism pathway emerged as the pathway 
with the highest impact value (FDR=0.00180; 5/33 hits; 
impact=0.569) (Fig. 6a). In addition, the alanine, aspartate, 
and glutamate metabolism, cysteine and methionine 
metabolism, and beta-alanine metabolism pathways also 
showed significant enrichment.

KEGG Metabolite Set Enrichment Dot Plot
A KEGG-based metabolite set enrichment dot plot analysis 
revealed that, among the total of 25 pathways, the valine, 
leucine, and isoleucine biosynthesis, one-carbon pool 
by folate, arginine biosynthesis, and glycine, serine, and 
threonine metabolism pathways stood out with both 
low p/FDR values and high match rates (Fig. 6b). Matches 
were found at levels of 4/8, 5/26, 4/14, and 5/32 in these 
pathways, respectively. In addition, the cysteine and 
methionine metabolism, alanine, aspartate, and glutamate 
metabolism, D-amino acid metabolism, and beta-alanine 
metabolism pathways were also significantly enriched.

Pathway Interaction Network
Pathway interaction network analysis revealed that the 
enriched pathways were not independent of one another 
but, on the contrary, were densely interconnected through 
shared metabolites (Fig. 6c). In particular, glycine, serine, 
and threonine metabolism, the one-carbon pool through 
folate, and cysteine and methionine metabolism were at 
the center of the network. Arginine biosynthesis, along with 
alanine, aspartate, and glutamate metabolism, formed a 
second interconnected structure linked to this core module. 
In contrast, while valine, leucine, and isoleucine biosynthesis 
remained in a more peripheral position, it continued to 
be one of the statistically strongest pathways (Fig. 6c). 
This network organization demonstrates that metabolic 
reprogramming proceeds not as isolated processes but 
through interconnected biochemical networks.

Discussion
The findings of this study indicate that amino acid 
metabolism in HCT-116 CRC cells is not limited to changes 
in the direction of just a few metabolites, but rather involves 
the coordinated reprogramming of multiple functionally 
organized biochemical modules (Fig. 1). The fact that the PC1 
component in the PCA analysis explains 91.1% of the total 
variance and that the groups are distinctly separated along 
this axis suggests that the differences in the intracellular 
amino acid pool represent a biologically meaningful 
reorganization rather than technical noise (Fig. 2a, b). This 
finding is consistent with recent literature indicating that 
metabolic reprogramming in CRC is associated with tumor 
growth, stress tolerance, and treatment resistance [1–5]. 

The fact that the distinction between HCT-116 and CCD 
arises specifically through taurine, phosphoethanolamine, 
citrulline, cystine, and arginine also indicates that this 
reorganization is not random but organized around specific 
functional axes (Figs. 3a, b and 4).

One of the striking findings of the study is the significant 
increase in taurine levels (Table 1; Figs 3a, b, and 4). SLC6A6-
mediated taurine transport in CRC has been associated 
not only with osmoregulation and antioxidant defense 
but also with exhaustion in CD8+ T cells [14–16]. Therefore, 
the increase in taurine observed in HCT-116 cells can be 
interpreted as part of a remodeling process that enhances 
the tumor cell’s metabolic competitive advantage in the 
microenvironment, beyond mere antioxidant and osmotic 
adaptation. The fact that taurine forms a distinct module 
alongside phosphoethanolamine, arginine, beta-alanine, 
and ethanolamine in the correlation heatmap analysis also 
suggests that this metabolite is integrated into a broad 
cellular adaptation program (Fig. 5b).

Another key finding is the increase in 
phosphoethanolamine and ethanolamine (Table 1; 
Figs 3, b, 4, and 5b). Phosphoethanolamine is a key 
intermediate in phosphatidylethanolamine biosynthesis 
through the Kennedy pathway and functions to meet the 
increased membrane requirements in proliferating cells 
[17,18]. The finding that the PCYT2 axis is associated with 
epithelial-mesenchymal transition and yes-associated 
protein 1 signaling in CRC suggests that ethanolamine/
phosphoethanolamine metabolism may have a signaling 
and phenotype-determining function beyond a structural 
requirement [17]. Recent studies have also demonstrated 
that p53 can influence phosphoethanolamine supply by 
regulating lipid head group recovery [19]. Furthermore, 
very recent data indicating that the accumulation of 
phosphoethanolamine in tumor interstitial fluid can 
suppress T-cell functions suggests that this metabolite is 
associated not only with intracellular membrane biogenesis 
but also with the formation of an immunosuppressive 
microenvironment [20]. In our data, the significant increase 
in phosphoethanolamine and ethanolamine in HCT-116 
and their strong positive correlation with taurine indicate 
that membrane biosynthesis and redox/adaptive processes 
are processed as a common metabolic pathway (Fig. 5b). 
This may suggest coordinated metabolic adaptation 
related to proliferation, membrane turnover, and stress 
tolerance in HCT-116 cells.

Furthermore, the marked decrease in cystine levels should 
not be superficially interpreted as a weakening of the 
redox defense (Table 1; Fig. 3a, b). From the perspective 
of cancer biology, a more plausible interpretation is that 
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the free cystine pool is rapidly depleted and redirected to 
the cysteine/glutathione axis. The xCT/SLC7A11 system 
plays a central role in cystine transport and glutathione 
synthesis; this system determines not only tolerance to 
oxidative stress but also sensitivity to ferroptosis and 
metabolic dependencies [6–8]. The fact that SLC7A11 and 
GPX4 expression, along with β-catenin, exhibits poor 
prognostic patterns in CRC cohorts underscores the 
biological and translational importance of this pathway [9]. 
The observation in our data that cystine depletion occurs 
alongside an increase in taurine suggests that HCT-116 
cells maintain their redox defense not through a single 
metabolic pathway but via parallel adaptive programs. In 
other words, while cystine flux accelerates for glutathione-
based defense, taurine accumulation may complementarily 
enhance cellular buffering capacity.

The changes observed in the arginine pathway are also 
noteworthy. While arginine levels increase, the decrease 
in citrulline and ornithine levels suggests that the urea 
cycle and nitrogen metabolism have been redirected 
to meet proliferative demands (Table 1; Figs 3a, b, 4 
and 6a-c). Arginine is not merely an amino acid used 
for protein synthesis in cancer cells; it is also a central 
metabolite involved in polyamine biosynthesis, nitric 
oxide-related signaling, and immune regulation [21–23]. 
It has been reported that arginine metabolism in CRC 
is associated with tumor progression and the immune 
microenvironment; some tumors can maintain the 
capacity to synthesize arginine from citrulline, while 
others become dependent on exogenous arginine 
[21,22]. In our study, the increase in arginine, decrease 
in citrulline, and decrease in ornithine suggest that in 
HCT-116 cells, arginine is directed toward growth and 
biosynthetic uses rather than serving as a balancing flux 
within the urea cycle. The fact that arginine is grouped in 
the same module as taurine and phosphoethanolamine 
in the correlation heatmap analysis also indicates that this 
metabolite is part of a broader adaptation program, not 
just nitrogen metabolism (Fig. 5b).

One of the most significant findings at the pathway level 
in this study is the prominence of the one-carbon pool 
through folate and the glycine, serine, and threonine 
metabolism pathways (Fig. 6a-c). The one-carbon 
metabolism, which operates via serine and glycine, is 
recognized as a fundamental network supporting both 
proliferation and redox balance through nucleotide 
synthesis, methylation reactions, and NADPH production 
[24–30]. It is well established that the serine/glycine/one-
carbon metabolism is critical in CRC, as in many other 
tumors, in terms of DNA synthesis, epigenetic regulation, 
and antioxidant capacity [24,26–29]. Recent studies have 

also demonstrated that serine-derived one-carbon flux 
can be directly enhanced by oncogenic regulators via 
SHMT2 activity [30]. In this study, the fact that the glycine, 
serine, and threonine metabolism pathway has the highest 
impact value suggests that these findings suggest that 
the HCT-116 phenotype may exhibit increased reliance 
on one-carbon metabolism (Fig. 6a). Furthermore, the fact 
that this pathway is situated at the center of the network 
alongside the one-carbon pool via folate and cysteine/
methionine metabolism in the pathway interaction 
network analysis indicates that one-carbon metabolism is 
not merely a side pathway in HCT-116, but rather the core 
of the metabolic architecture (Fig. 6c).

Similarly, the decrease in glutamine levels is consistent 
with this overall picture (Table 1). Glutamine is extensively 
utilized in CRC cells for anaplerotic contributions to the TCA 
cycle, nitrogen transfer, biomass production, and redox 
buffering [31–35]. Although glutamine metabolism in CRC 
may vary depending on genetic background, it has been 
shown to create a distinct metabolic dependency in many 
subtypes [33,34]. Therefore, the decrease in glutamine levels 
in HCT-116 suggests that this amino acid is being consumed 
more intensively and redirected toward biosynthetic/
energetic pathways. When considered alongside one-
carbon metabolism, glutamine utilization supports the 
notion that HCT-116 has restructured both its carbon and 
nitrogen economies.

The finding that the valine, leucine, and isoleucine 
biosynthesis pathway exhibited the highest statistical 
significance in KEGG enrichment should be interpreted 
with biological caution (Fig. 6a, b). Human cells do not 
synthesize BCAAs; therefore, this KEGG annotation should 
not be interpreted as evidence of true de novo biosynthetic 
activity, but rather as a reflection of alterations in BCAA 
pool size, transport, uptake, and aminotransferase-
associated metabolic remodeling [36–38]. In cancer, BCAA 
metabolism is associated with mTORC1 activation, protein 
synthesis, and metabolic flexibility [36,37]. In our study, 
when the increase in valine and leucine levels is considered 
alongside the strong enrichment of this pathway, it can 
be inferred that HCT-116 cells may be associated with 
nutrient-sensitive signaling pathways and enhance their 
anabolic capacity (Fig. 6a, b). The fact that this pathway 
occupies a more peripheral position in the network analysis 
compared to the central module suggests that the BCAA 
axis contributes in a manner that is more independent yet 
significant relative to the core redox/one-carbon network 
(Fig. 6b). Thiaproline showed a decrease in HCT-116 cells 
(Fig. 3a, b). Although the decrease in this metabolite, which 
is associated with formaldehyde-thiol chemistry, suggests 
regulation in carbonyl stress or thiol buffering processes, 
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functional interpretation should be limited in the absence 
of confirmatory data [39–41]. Although thiaproline did not 
meet the threshold for statistical significance (FDR>0.05), 
its VIP score exceeding 1 supports its contribution to group 
differentiation (Fig. 4).

The correlation heatmap analysis directly demonstrates 
the modular nature of metabolic remodeling in HCT-116 
cells (Fig. 5b). The distinct negative correlation between the 
taurine–phosphoethanolamine–arginine–beta-alanine– 
ethanolamine cluster and the broader alanine–leucine–
glycine–serine–valine–phenylalanine cluster suggests that 
metabolic resources are allocated not homogeneously but 
according to functional priorities. While the first cluster is 
associated with redox, membrane biogenesis, and nitrogen 
economy, the second cluster primarily represents the 
anabolic amino acid pool (Fig. 5a). The opposing relationship 
between these two modules reveals that HCT-116 cells 
selectively redirect metabolic flux to simultaneously meet 
their growth and survival requirements.

When evaluated as a whole, the amino acid metabolic 
signature observed in HCT-116 cells is characterized by 
increased taurine and phosphoethanolamine, decreased 
cystine and citrulline, a shift in the arginine axis, 
centralization of one-carbon metabolism, and increased 
BCAA-linked anabolic signaling (Table 1 and Figs 1-6). This 
pattern demonstrates that metabolic reprogramming 
in CRC is not limited to changes in energy production; 
rather, it operates as an Integrated biochemical strategy 
involving redox balance, membrane phospholipid 
requirements, nitrogen flux, and proliferative biosynthesis. 
Therefore, the xCT/SLC7A11 axis, the Kennedy pathway/
PE metabolism, and the serine–glycine–one-carbon 
metabolic nodes, in particular, appear to be priority 
areas for further functional experiments and targeted 
therapeutic approaches [6–9,17–20,24–30].

Limitations
This study has several limitations. First, the assessment was 
conducted using a single cancer cell line (HCT-116) and a 
single normal colon cell model (CCD); therefore, the findings 
cannot be directly generalized to all CRC subtypes. Second, 
since the measurements are based on the intracellular free 
amino acid pool, they do not provide direct information 
about metabolic flux. Third, in the absence of lipidomic 
and isotope tracing data, the relationship between the 
increase in phosphoethanolamine and PE synthesis flux 
was interpreted indirectly. Finally, since no functional 
validation experiments were performed targeting nodes 
such as xCT/SLC7A11, SLC6A6, PCYT2, or SHMT2, the 
mechanistic interpretations presented here are robust but 
remain hypothetical.

Conclusion
Amino acid metabolism, redox adaptation, membrane 
phospholipid intermediates, and one-carbon/arginine-
related metabolic networks have been integrally 
reprogrammed in HCT-116 colon cancer cells. The concurrent 
increase in taurine and phosphoethanolamine and decrease 
in cystine and citrulline suggest that a selective metabolic 
regulation favoring both defense and proliferation has 
been established in the HCT-116 phenotype. These findings 
support the notion that the xCT/SLC7A11 axis, the PE/Kennedy 
pathway, and the serine–glycine–one-carbon nodes may 
represent therapeutically targetable vulnerabilities in CRC.
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