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Abstract

Background: CRC, or colorectal cancer, exhibits substantial biological diversity, with varied
metabolic programs and inconsistent benefit from immunotherapy. Pathways involving
sialylation together with metabolism of amino acids shape tumor development and
regulation of anti-tumor immunity. However, the prognostic significance of this combined
metabolic signature for CRC remains clinically undefined in practice.

Methods: We assembled genes related to sialylation plus those linked to metabolism of
amino acids from public databases to construct a comprehensive candidate list. Multi-omics
profiling integrated bulk RNA-seq, single-cell transcriptome profiling, and spatially resolved
transcriptomic data to examine their functions in CRC. Differential expression testing,
survival modeling, and consensus-based clustering were used to define metabolic—
epigenetic tumor categories and compare clinical outcomes. From these markers, we
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derived a multigene risk score centered on six regulators connected with sialylation and
amino-acid metabolic pathways. Its prognostic performance was rigorously evaluated within
several external colorectal carcinoma cohorts using multiple survival endpoints. We further
examined the key regulator PLOD3 in patient specimens and cultured cells using qRT-PCR,
immunoblotting, flow cytometry, colony formation, migration, and invasion assays.

Results: We identified six prognosis-related genes (AOC3, CDO1, PHGDH, MAT2B,
ASRGL1, and PLOD3) that function as principal metabolic determinants in CRC. For
unsupervised clustering, non-negative matrix factorization separated tumors into six
molecular subgroups, among which Cluster 3 showed the most unfavorable survival.
Single-cell transcriptomics and spatially resolved transcriptomic analyses demonstrated
marked metabolic and immune diversity across the tumor microenvironment. These
datasets revealed distinct architectures of immune-cell infiltration and region-specific
metabolic activity within tumor tissue. The six-gene risk model displayed high prognostic
accuracy, outperforming conventional clinicopathologic variables and previously proposed
CRC signatures. Patients assigned to the high-risk group exhibited increased tumor
mutational burden, pronounced activation of immune pathways, and perturbed immune
responses, indicating exploitable therapeutic opportunities. In experimental validation,
PLOD3 expression was markedly elevated in peripheral blood and neoplastic tissue from
individuals with CRC. Stable depletion of PLOD3 in colorectal cancer cell lines reduced cell
proliferation, migratory capacity, invasive potential, and epithelial-to—-mesenchymal
plasticity. It simultaneously enhanced apoptotic cell death in colorectal cancer cells under in
vitro experimental conditions.

Conclusions: Our investigation emphasizes the central contribution of sialylation and
amino-acid—-related metabolic programs to colorectal cancer progression and immune
modulation. The integrative prognostic framework, together with mechanistic dissection of
PLODB3, supports refined risk stratification and informs individualized therapeutic planning
for patients with CRC.

Keywords: Colorectal cancer, sialylation, amino acid metabolism, immune infiltration,
prognostic model.

Introduction

Colorectal cancer (CRC) remains a major health challenge worldwide and contributes
substantially to cancer incidence and death, accounting for 6.1% of global cases and 9.4%
of cancer-related mortality[1]. Advances in screening methods, surgical strategies,
chemotherapy, and immune checkpoint blockade have improved outcomes, yet patients
with advanced disease continue to face limited survival prospects[2, 3]. Increasing evidence
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highlights the strong influence of epigenetic mechanisms on gene regulation and the tumor
microenvironment in CRC[4]. However, interactions between epigenetic changes and
metabolic remodeling, and how these processes shape tumor progression and therapeutic
escape, are still insufficiently understood.

Among epigenetic processes, sialylation has emerged as an important regulator in cancer
biology[5]. This terminal glycosylation event attaches sialic acid residues to diverse
glycoconjugates, thereby generating surface sialoglycans that influence cell
communication, immune recognition, and metastatic capacity[5-7]. Abnormal sialylation
frequently appears in CRC and correlates with aggressive behavior, reduced drug
sensitivity, and unfavorable clinical outcomes[8]. For example, increased ST6Gal-I
expression enhances CRC cell survival and protects against apoptosis, while sialylated
integrin B4 promotes liver metastasis through Src—Erk pathway activation[9, 10]. Sialylated
molecules can also mask tumor antigens and foster immune suppression, weakening anti-
tumor immunity[11]. Targeting sialylation has shown promise for restoring T cell activity and
improving immunotherapy responses[12]. Yet, the upstream pathways controlling aberrant
sialylation in CRC remain largely undefined.

Metabolic reprogramming represents another core feature of malignancy, with amino acid
metabolism serving essential roles in cancer growth[13]. Amino acids support protein
production and regulate energy turnover, redox stability, epigenetic marks, and immune
functions[14-16]. CRC cells display elevated uptake and utilization of amino acids such as
tryptophan, glutamine, methionine, and arginine to maintain proliferation, immune evasion,
and metastatic spread[17]. Altered arginine and branched-chain amino acid (BCAA)
pathways have been linked to CRC development and treatment resistance, and several
metabolic enzymes are being explored as biomarkers or therapeutic targets[18].

Emerging studies indicate a bidirectional relationship between amino acid metabolism and
sialylation. Amino acid levels can shape glycosyltransferase activity and determine
precursor pools required for sialoglycan synthesis[19]. Conversely, dysregulated sialylation
may influence transporter expression and metabolic signaling that control cellular nutrient
processing. Despite these observations, the coordinated regulation of amino acid
metabolism and sialylation in CRC remains insufficiently defined. Clarifying this integration
may uncover new biological vulnerabilities and inform targeted therapeutic strategies.

To address these gaps, we applied an integrative multi-omics framework combining bulk
transcriptomics, single-cell sequencing, and spatial transcriptomics to comprehensively
characterize sialylation patterns and amino acid metabolic programs in CRC. We defined
distinct epigenetic—-metabolic subgroups, generated a prognostic model, and identified
central regulatory molecules and potential therapeutic targets. These findings highlight an
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interconnected network between metabolic and epigenetic pathways in CRC and offer a
foundation for improved prognostication and personalized treatment strategies.

Materials and methods

Data Collection and Preprocessing

RNA-seq profiles for colorectal cancer were obtained from the TCGA dataset (606 samples
with matched clinical information). Expression values were transformed to TPM and log2 -
scaled before analysis. External validation used GEO cohorts GSE17537 (n=55),
GSE39582 (n=579), GSE12945 (n=62), GSE87211 (n=196), GSE17536 (n=177),
GSE38832 (n=122), and GSE41258 (n=182). Differential-expression analyses incorporated
GSE22598 and GSE110224 (each comprising 17 tumor—normal pairs) and GSE41328 (10
paired samples). Data preprocessing involved two steps: normalization with
normalizeBetweenArrays (limma) and batch correction with Combat (sva).

Single-Cell and Spatial Transcriptomics Data

Single-cell RNA-seq data from GSE132465 (23 CRC tumors) were processed in Seurat (R
v4.1.3). Low-quality cells were removed using strict filters. Cells with;, 20% % mitochondrial
genes,> 3% blood-cell signatures, <200 or> 6 000 detected genes or UMI counts outside
200 to 50,000 were excluded. Data were normalized, and 2 000 variable genes were
selected using NormalizeData, FindVariableFeatures, and ScaleData. Dimensionality
reduction used UMAP and tSNE, followed by Louvain clustering. Cluster-specific genes
were detected with FindAllIMarkers using p < 0.05, log2FC > 0.25, and expression
frequency > 0.1. Spatial transcriptomics data from GSE225857 (four primary CRC tissues)
were processed with SpaceRanger. Data were normalized and corrected using
SCTtransform. Cell-type assignments for each spatial spot were predicted using CARD,
and results were visualized in Seurat. Gene-set activity in each spot was scored through
AUCell.

Cell type annotation and visualization

Cell identities were assigned using canonical lineage markers. Epithelial cells expressed
EPCAM, KRT18/19, and CDH1; fibroblasts showed DCN, THY1, COL1A1/2; endothelial
cells exhibited PECAM1, CLDN5, FLT1, and RAMP2. T-cell subsets were defined by
CD3D/E/G and TRAC, NK cells by NKG7, GNLY, NCAM1, and KLRD1. B cells expressed
CD79A, IGHM/IGHG3/IGHA2, and plasma cells were enriched for JCHAIN. Mast cells
carried KIT, MS4A2, and GATA2. UMAP/t-SNE embeddings and bar-plot/heatmap
visualizations summarized transcriptional heterogeneity and cell-type composition.
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Gene Set Collection

Sialylation-related genes were obtained from published literature (PMC9623420; Sialylation
markers.txt). Amino acid metabolism genes were sourced from KEGG
(hsa00001.format.txt). These curated sets were used for downstream correlation and
prognostic analyses.

Prognostic Gene Screening and Consensus Clustering

Genes linked to sialylation or amino acid metabolism were identified by correlating their
expression with the corresponding pathway gene sets across TCGA and GEO datasets,
retaining genes with |R| > 0.3 and p < 0.05. Differential expression between tumor and
normal samples was assessed using p < 0.05 and log,FC > 1. Genes that satisfied both
correlation and differential-expression thresholds were designated as candidate prognostic
markers. Six prognostic genes PHGDH, AOC3, PLOD3, MAT2B, ASRGL1, CDO1 were
selected for clustering. Nonnegative matrix factorization (NMF) was applied to TCGA-CRC
samples to define metabolic—sialylation subtypes. The cophenetic coefficient guided the
selection of the optimal number of clusters, yielding stable risk groups for subsequent
analyses.

SNV Analysis

Tumor mutation burden (TMB) was derived from TCGA somatic mutation profiles using the
maftools package. Differences in TMB between risk groups were evaluated with the
Wilcoxon rank-sum test, applying a significance threshold of p < 0.05.

Cell-Cell Communication Analysis

Cell—cell communication was assessed using CellChat. The normalized expression matrix
was preprocessed with identifyOverExpressedGenes, identifyOverExpressedinteractions,
and projectData to detect active ligand—receptor pairs. Communication probabilities were
computed using computeCommunProb, filtered with filterCommunication, and mapped to
signaling pathways via computeCommunProbPathway. Interaction strengths were
summarized using aggregateNet, generating global and pathway-specific communication
networks.

Differential expression and enrichment

Differential gene expression between tumor and matched adjacent normal tissues was
evaluated with limma. Genes with an adjusted p value < 0.05 and an absolute fold

change > 1.2 were considered differentially expressed. Functional enrichment analyses
were conducted using clusterProffler. Gene set enrichment analysis (GSEA) incorporated
HALLMARK, GOBP, and KEGG collections from MSigDB, and results were visualized with
enrichplot.
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Prognostic Risk Score Generation

A prognostic model was built by testing 101 machine-learning approaches (e.g., RSF,
Elastic Net, Lasso, Ridge, CoxBoost, PLSR-Cox, SuperPC, GBM, survival-SVM).
Prognostic genes identified by univariate Cox analysis across eight cohorts, including
TCGA-CRC, were used to train models under LOOCV. Performance was validated in seven
external datasets using Harrell's C-index.

Immune Response Prediction and IPS Analysis

Immune-therapy response was estimated by calculating risk scores in PRJEB23709 and
GSE91061 melanoma cohorts. For TCGA-CRC, immune responsiveness was assessed
using TIDE, and IPS values from TCIA were compared across risk groups. Risk scores
were correlated with immune-checkpoint gene expression (HAVCR1, CD28, ICOS,
TNFRSF9, IL2RB, CD27).

Tumor immune infiltration analysis

Immune infiltration in the tumor microenvironment (TME) was quantified with the IOBR
framework, which integrates CIBERSORT, TIMER, MCPcounter, and Estimate. Heatmaps
were generated to depict immune cell composition in the TME. The Estimate algorithm was
further used to compute stromal, immune, and tumor scores, enabling comparison of TME
features between different risk groups.

Drug sensitivity analysis
Drug sensitivity was predicted using oncoPredict, and groupwise IC50 differences were
tested with the Wilcoxon rank-sum test.

Cell Lines and Culture Conditions

Human CRC cell lines HCT116 (Procell, CL-0096) and Caco-2 (Procell, CL-0050) were
maintained under standard culture conditions. HCT116 cells were grown in McCoy’s 5A
medium (Procell, PM150710) containing 10% FBS and 1% penicillin—streptomycin. Caco-2
cells were cultured in MEM supplemented with NEAA (Procell, PM150410), 20% FBS, and
1% penicillin—streptomycin. All cells were incubated at 37 °C, 5% CO2, and high humidity,
screened regularly for mycoplasma, and authenticated by STR profiling.

shRNA-Mediated Silencing

Lentiviral shRNA was used to generate stable knockdown cells. HCT116 or Caco-2 cells (2
x 10% ) were plated in six-well dishes and allowed to adhere for 24 h. Cells were then
infected with concentrated lentivirus (MOl 5-'°) plus 8 ug ml = polybrene and incubated
overnight. The viral medium was replaced with fresh complete medium, and cells were
cultured for 36—48 h to permit transgene expression. Stable knockdown lines were obtained
by puromycin selection (2 ug ml =) for 7-10 days.

6



208

209
210
211
212
213
214

215

216
217
218
219
220
221

222

223
224
225
226

227

228
229
230
231
232
233
234
235
236

237

238
239
240
241
242

Sample collection and ethics

Institutional Review Board approval was obtained from Affiliated Hospital of Nanjing
University of Chinese Medicine, and all procedures complied with the Declaration of
Helsinki. Written informed consent was secured from every participant. Peripheral blood
was collected from six CRC patients and six matched healthy individuals. During surgery,
tumor specimens and paired adjacent normal tissues (collected 25 cm from the tumor
margin) were harvested.

RNA extraction and quantitative RT-PCR

Total RNA was extracted from PBMCs using TRIzol LS, and RNA concentration/purity were
assessed with a NanoDrop spectrophotometer. Next, 1 ug of RNA was reverse-transcribed
to cDNA using the PrimeScript RT Kit. gqRT-PCR was performed in triplicate on a
QuantStudio 5 with TB Green Premix Ex Taq Il under the following program: 95 °C for 30 s,
then 40 cycles of 95 °C for 5 s and 60 °C for 30 s. PLOD3 expression was normalized to
GAPDH.

Tissue protein extraction

Tumor and adjacent normal tissues were snap-frozen and stored at =80 -C. Approximately
30 mg of tissue was homogenized in RIPA buffer supplemented with protease inhibitors.
The lysates were centrifuged at 14,000 x g for 20 min at 4 °C, and the supernatants were
collected. Protein concentrations were quantified using a BCA assay.

Western blot analysis

At 90% confluence, cells were rinsed with ice-cold PBS and lysed on ice in RIPA buffer
supplemented with protease inhibitors. The lysates were clarified by centrifugation (14,000
x g, 30 min, 4 °C), and protein concentrations were determined using a BCA assay. Equal
amounts of protein (25 ug) were resolved by 10% SDS—-PAGE and transferred onto PVDF
membranes. Membranes were blocked for 1 h in 5% milk/TBST and then incubated
overnight at 4 °C with primary antibodies against PLOD3, BAX, BCL2, Vimentin, E-
cadherin, N-cadherin, and B-actin. After washing, membranes were incubated with an HRP-
conjugated secondary antibody for 1 h. Signals were developed using ECL, captured with a
ChemiDoc MP system, and band intensities were quantified in Image Lab.

Data Collection and Preprocessing

Apoptosis was assessed using the Annexin V-FITC/PI kit (Beyotime). Parental and PLOD3-
knockdown HCT116 and Caco-2 cells (2 x 10%/well) were seeded in 6-well plates and
cultured for 48 h to reach 70-80% confluence. Fresh Annexin V-FITC/PI working solution
was prepared on ice. After medium removal, 100 pL of staining solution was added and
incubated for 15 min at 37 °C in the dark. Cells were gently detached with EDTA-free
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trypsin and resuspended in 400 pL cold PBS. Samples were analyzed within 1 h using a BD
FACSCanto I, collecting 10,000 events/sample.

Colony Formation Assay

Clonogenic growth was evaluated using a colony formation assay. Parental and PLOD3-
knockdown HCT116 and Caco-2 cells were collected in the logarithmic phase and seeded
at 500 cells per well in 6-well plates containing 2 mL complete medium. Plates were gently
agitated for uniform distribution and maintained at 37 °C, 5% CO2 for 10—14 days, with
medium renewed every 3—4 days. Colonies were ffxed in 4% PFA for 15 min, stained with
0.5% crystal violet (in 25% methanol) for 20 min, rinsed thoroughly, and air-dried overnight.

Wound Healing Assay

Cell migration was assessed with a wound-healing assay. Parental and PLOD3- knockdown
HCT116 and Caco-2 cells were seeded in 6-well plates (5x10° cells/well) and grown to full
confluence, then serum-starved for 12 h in medium containing 0.5% FBS. A linear scratch
was made with a sterile 200 L tip, debris was removed with two PBS washes, and wells
were replenished with 2 mL of medium containing 0.5% FBS. Images were captured at 0 h
and again at 24 h using an inverted microscope (Olympus 1X73). Wound closure was
quantified in Imaged. Three independent experiments were performed, each with triplicate
wells.

Transwell Migration and Invasion Assays

Migration and invasion were measured using 8.0 ym Transwell chambers. Invasion inserts
were coated with Matrigel (100 uL, 1 mg/mL; 4—6 h at 37 °C). Parental and PLOD3-
knockdown HCT116 (2x10* cells) and Caco-2 (1x10* cells) were seeded in serum-free
medium into the upper chamber; the lower chamber contained medium with 20% FBS. After
24 h (HCT116) or 48 h (Caco-2), non-migrated cells were removed, and traversed cells
were fixed (4% PFA), stained (0.1% crystal violet), imaged, and counted in five random
fields. Experiments were run in triplicate and repeated three times.

Statistical Analysis

Statistical analyses were performed in R 4.1.3. Correlations between continuous variables
were assessed using Pearson or Spearman methods. Chi-squared tests were applied to
categorical data, and continuous variables were compared using Wilcoxon rank-sum or t-
tests. Survival analyses were conducted using Cox regression and Kaplan—Meier
approaches within the survival package.
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Results

Sialoglycan and Amino Acid Metabolism Signatures Identify Prognostic Drivers in
Colorectal Cancer

We first examined the correlation between 105 sialylation-related genes and 255 genes
associated with amino acid metabolism. A total of 360 genes with strong correlations were
identified (Fig.2 A). We conducted differential expression analyses across four independent
cohorts (TCGA, GSE110224, GSE22598, and GSE41328) to investigate their potential
relevance in colorectal cancer (CRC). Among these 360 genes, 270 showed significant
differential expression between tumor and adjacent normal tissues in at least one dataset
(Figure 2 B). Subsequent correlation analysis of these 270 genes revealed distinct
expression patterns (Figure 2 D). Univariate Cox regression identified six genes—AOC3,
PLOD3, CDO1, PHGDH, MAT2B, and ASRGL 1—that were significantly associated with
patient prognosis (Figure 2 C), suggesting their potential roles as prognostic biomarkers.

Metabolic Signature-Based Classification Reveals Prognostically Distinct Tumor
Subtypes
We utilized non-negative matrix factorization (NMF) clustering to assess the prognostic
significance of the six identified genes. Based on the consensus matrix (Figure 3 A), six
clusters were identified as optimal. Kaplan—Meier survival analysis revealed significant
overall survival differences across the six clusters, with Cluster 1 (C1) having the best
prognosis and Cluster 3 (C3) the worst. Clinical feature comparisons indicated significant
differences in survival status across subtypes (Figure 3 B), and NMF-based subtypes were
found to be associated with TCGA immune subtypes and molecular classifications (Figure 3
C). We conducted a differential gene expression analysis between C1 and C3 to highlight
molecular differences (Figure 3 D). Analysis of differentially expressed genes indicated
significant roles in immune responses, metabolism, and vascular development (Figure 3 E).
Furthermore, we assessed correlations between ssGSEA enrichment scores of biological
pathways and the expression levels of the six prognostic genes, highlighting their functional
relevance (Figure 3 F).

Single cell / spatial analysis of the tumor ecosystem

To better characterize how sialylation shapes the tumor microenvironment (TME), we
analysed single cell RNA seq data and delineated seven maijor cell populations: myeloid
cells, B cells, NK cells, plasma cells, epithelial cells, endothelial cells, and fibroblasts. Each
cell was scored using the six gene prognostic signature, with epithelial and TNK (T and NK)
populations showing the highest scores. Cells were stratified into high and low score groups
using AUCell thresholds, followed by differential expression and functional enrichment

analyses to dissect biological differences (Figure 4A). In parallel, spatial transcriptomics
9
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revealed distinct spatial arrangements of epithelial, immune, and stromal compartments.
Epithelial regions displayed high functional scores, consistent with the single cell findings
(Figure 4B). Functional scores correlated positively with immune infiltration but inversely
with epithelial and stromal content. Enrichment of immunometabolic pathways in high score
regions further supported their immunometabolic activity (Figure 4C).

A Prognostic Model Built on Metabolic Drivers Robustly Predicts Patient Outcomes

To develop a reliable prognostic tool, we evaluated 101 modelling strategies built from the
six prognostic genes. The TCGA cohort served as the training set, and seven independent
GEO datasets were used for external validation. Among all candidate models, the Random
Survival Forest (RSF) combined with Ridge regression achieved the highest mean C index
across the test datasets (Figure 5 A). Time dependent ROC analyses showed stable
predictive performance at 1, 3, and 5 year time points in all eight datasets (Figure 5 B).
Consistent C index values indicated robust model behaviour, and survival analyses
demonstrated that higher risk scores were strongly associated with worse prognosis across
all cohorts.

Our Model Outperforms Established Predictors Across Multiple Cohorts

Risk curves and principal component analysis (PCA) in all eight datasets revealed a clear
separation between high and low risk groups (Figure 6 A—B). In most datasets, our risk
score achieved a higher C index than conventional clinical indicators (Figure 6 C). We
further benchmarked the model against 22 prognostic signatures published in the past two
years. Although the signature did not outperform all comparators in the TCGA cohort, it
showed superior or comparable performance in most external cohorts (Figure 6 D),
supporting its robustness and generalizability.

A Nomogram Integrating Clinical and Molecular Features Enhances Risk
Stratification
We combined the molecular risk score with standard clinical parameters and evaluated their
prognostic value using univariate and multivariate Cox regression (Figure 7 A). On this
basis, we constructed a nomogram to estimate individual survival probabilities (Figure 7 B).
Decision curve analysis (DCA) indicated that both the nomogram and the risk score
provided greater net clinical benefit than traditional clinical variables alone (Figure 7 C).
Calibration curves for 1, 3, and 5 year survival showed close agreement between
predicted and observed outcomes (Figure 7 D). Survival analyses based on nomogram
derived scores confirmed that patients with higher scores experienced significantly poorer
survival (Figure 7 E).
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High-Risk Patients Show Immune Activation and Increased Tumor Mutation Burden

Analysis of risk score distributions across the six NMF defined subtypes revealed marked
heterogeneity, with Cluster 3 exhibiting the highest risk (Figure 8 A). Correlation analyses
between the risk score and hallmark gene sets highlighted pathways predominantly related
to immune regulation and metabolism. Tumor mutation burden (TMB), calculated from
somatic mutation profiles, differed significantly between risk groups (Figure 8 A). High risk
patients also displayed altered tumor microenvironment features, reffected by immune,
stromal, ESTIMATE, and tumor purity scores. Immune infiltration deconvolution using
CIBERSORT, MCP counter, and TIMER

Immune Landscape and Drug Sensitivity Suggest Distinct Therapeutic Vulnerabilities

Risk scores were positively associated with the expression of multiple immune checkpoint
genes. TIDE analysis suggested that patients in the high risk group had a lower probability
of responding to immunotherapy, and non responders tended to have higher risk scores.
Conversely, the low risk group showed higher IPS values (Figure 9 A). Analyses of two
melanoma immunotherapy cohorts (PRJEB23709 and GSE91061) further indicated that
elevated risk scores correlated with poorer survival and reduced benefit from immune
checkpoint blockade (Figure 9 B). Drug sensitivity modelling predicted that agents such as
bortezomib, dactinomycin, daporinad, and dinaciclib would be more effective in the low risk
group (Figure 9 C), pointing to distinct therapeutic opportunities.

Cell-Cell Communication Patterns Reveal Imnmune Escape Programs in High-Risk
Tumor Cells

To explore differences in intercellular communication related to prognostic stratification, we
computed single-cell risk scores and categorized cells into high- and low-risk groups based
on the median score. CellChat analysis revealed distinct communication patterns between
these groups (Figure 10 A). High-risk epithelial, endothelial, and fibroblast cells showed
increased signaling via the MDK-NCL pathway, whereas decreased MIF—(CD74+CXCR4)
signaling was observed (Figure 10 B). These results indicate that impaired cell—cell
communication might play a role in the unfavorable prognosis of high-risk cellular groups.

PLOD3 Is Upregulated In Colorectal Cancer And Promotes Tumor Progression In
Vitro
Our multi-omics analysis identified PLOD3 as a potential prognostic driver in CRC. To
validate its clinical relevance, we first analyzed PLOD3 expression in patient samples.
Quantitative RT-PCR revealed that PLOD3 mRNA levels were significantly elevated in
peripheral blood mononuclear cells from CRC patients compared to healthy controls (Figure
11 A). Concordantly, western blot analysis demonstrated substantial upregulation of PLOD3
protein in tumor tissues relative to matched adjacent normal mucosa from the same
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patients (Figure 11 B), confirming its dysregulation in CRC. To investigate the functional
consequences of PLOD3 dysregulation, stable PLOD3 knockdown was achieved in Caco-2
and HCT116 CRC cell lines using two independent shRNAs (Figure 11 C). Depletion of
PLODS3 triggered marked molecular changes characteristic of tumor suppression: increased
expression of the pro-apoptotic protein BAX alongside decreased anti-apoptotic Bcl-2, and
elevated E-cadherin accompanied by reduced Ncadherin and Vimentin—a pattern
consistent with attenuated epithelial-mesenchymal 11transition (Figure 11 D). Functionally,
PLOD3 knockdown significantly enhanced apoptosis in both cell lines (Figure 11 E) and
severely compromised their clonogenic capacity (Figure 11 F). In motility assays, PLOD3-
deffcient cells exhibited markedly impaired wound closure, reduced Transwell migration,
and diminished Matrigel invasion (Figure 12).

Discussion

Colorectal cancer (CRC) is characterized by significant biological heterogeneity and a
limited response to immunotherapy, underscoring the need for novel biomarkers that
integrate multiple aspects of tumor biology. Our study identified a six-gene signature that
reflects the interplay between sialylation and amino acid metabolism, effectively stratifying
CRC patients into prognostically and immunologically distinct subtypes. This integrative
metabolic framework provides novel insights into how metabolic reprogramming in CRC
contributes to tumor progression and immune modulation, with direct implications for
prognosis and therapeutic response.

Emerging evidence highlights a critical link between altered amino acid metabolism and
aberrant protein glycosylation, particularly sialylation. For instance, PHGDH, a key enzyme
in the serine biosynthesis pathway, has been shown to interact with phosphofructokinase
and regulate the hexosamine-sialic acid biosynthetic axis. Loss of this interaction leads to
an increased production of sialic acid precursors, resulting in elevated sialylation of
glycoproteins such as integrin avp3, which in turn promotes tumor cell motility and
invasion[20]. Our study corroborates this metabolic-glycomic axis in CRC by identifying
PHGDH, MAT2B, and ASRGL1 as core risk genes, which are co-enriched in high-risk
subtypes exhibiting both elevated sialylation and amino acid metabolism signatures. These
genes likely contribute to the biosynthesis of nucleotide sugars, which act as essential
donors for sialyltransferase-mediated glycosylation, thereby enhancing tumor invasiveness
and immune evasion.

Furthermore, reprogrammed amino acid metabolism in CRC is not merely a passive
reflection of proliferative demands; it actively shapes tumor biology through its influence on
oncogenic signaling, epigenetic regulation, and immune modulation[21]. Enzymes such as
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PHGDH and MAT2B serve as molecular switches, linking nutrient utilization to tumor-
promoting pathways[22, 23]. PHGDH, as a rate-limiting enzyme in serine biosynthesis, not
only fuels nucleotide and redox metabolism but also regulates glycosylation precursor flux,
which has been implicated in promoting metastatic traits21. Likewise, MATZ2B, by
modulating the methionine cycle, affects the availability of S-adenosylmethionine, a critical
methyl donor that drives methylation-dependent gene regulation. This, in turn, contributes
to the activation of the MEK/ERK pathway, a key signaling cascade implicated in CRC
growth and survival[24].

Beyond cellular proliferation, amino acid metabolism intersects with cellular stress
responses and immune modulation. PLODS3, traditionally known for its role in collagen
biosynthesis, has recently emerged as a modulator of autophagy and immune signaling. It
drives tumor progression through the TNF-a/NF-kB pathway, with emerging evidence
indicating its role in regulating T cell activity within the metastatic microenvironment[25].
These findings underscore the multifaceted role of amino acid metabolism in CRC,
revealing its impact not only on intrinsic tumor properties but also on the tumor's ability to
influence immune cell dynamics.

Our study further solidifies these findings by identifying PHGDH, MAT2B, PLOD3, CDO1,
ASRGL1, and AOC3 as key players in CRC prognosis. These genes are involved in various
metabolic pathways, including redox regulation (CDO1), glutamine metabolism (ASRGL1),
and immune cell trafficking (AOC3). The high co-enrichment of these genes in high-risk
subtypes suggests that metabolic circuits may influence not only tumor-intrinsic
characteristics but also the immune contexture of CRC. For instance, AOC3, which is
involved in the metabolism of polyamines, has been implicated in regulating immune cell
trafficking, further linking metabolic alterations with immune evasion and resistance to
therapy.

In summary, our findings establish a conceptual framework in which amino acid metabolism
serves as a central hub that integrates tumor growth, immune modulation, and therapeutic
resistance in CRC. The six-gene signature identified in this study not only provides
prognostic value but also offers potential therapeutic targets for metabolic intervention in
CRC. By targeting metabolic pathways that influence both tumor growth and immune
evasion, we can enhance the efficacy of existing therapies and develop new strategies to
overcome the challenges of immunotherapy resistance in CRC.
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14



484

485

486

487
488
489
490
491
492
493

494

495
496
497
498
499

500

501
502
503

504
505
506

507
508

509
510
511

512
513

514
515

Conflict of Interest

The authors have declared that no competing interests exist.

Author Contributions

Author contribution YZ, XF and TY contributed equally to this work and share first
authorship. LZ designed the methodology and was responsible for project administration.
YZ performed the bioinformatics analysis and wrote the original draft. XF conducted the
experimental validation and wrote the original draft. TY was responsible for visualization
and image editing. CZ and NY performed the experiments and validation. XY acquired the
funding. XY and SZ supervised the study and reviewed the manuscript. All authors
contributed to the article and approved the submitted version.

Funding

Funding This work was supported by Shanghai Municipal Science and Technology
Commission. Project Title: Application Demonstration Project of Polyvinyl Alcohol
Embolization Microspheres — Subproject: Application and Comparative Evaluation of the
Drug-Loading Performance of Polyvinyl Alcohol Embolization Microspheres. Grant number
is 24SF1905505.

References

1. Hossain MS, Karuniawati H, Jairoun AA, Urbi Z, Ooi J, John A, et al. Colorectal Cancer:
A Review of Carcinogenesis, Global Epidemiology, Current Challenges, Risk Factors,
Preventive and Treatment Strategies. Cancers (Basel). 2022; 14.

2. Anand U, Dey A, Chandel AKS, Sanyal R, Mishra A, Pandey DK, et al. Cancer
chemotherapy and beyond: Current status, drug candidates, associated risks and
progress in targeted therapeutics. Genes Dis. 2023; 10: 1367-1401.

3. Xie YH, Chen YX, Fang JY. Comprehensive review of targeted therapy for colorectal
cancer. Signal Transduct Target Ther. 2020; 5: 22.

4. Sadida HQ, Abdulla A, Marzooqi SA, Hashem S, Macha MA, Akil ASA, et al. Epigenetic
modifications: Key players in cancer heterogeneity and drug resistance. Transl Oncol.
2024; 39: 101821.

5. ZhuW, Zhou Y, Guo L, Feng S. Biological function of sialic acid and sialylation in human
health and disease. Cell Death Discov. 2024; 10: 415.

6. Liang S, Tang Q, Guo X, Li Z, Guo Y, Chang J, et al. Mutant glycosidases for labeling
sialoglycans with high specificity and affinity. Nat Commun. 2025; 16: 1427.

15



516
517
518

519
520

521
522
523

524
525
526

527
528
529

530
531
532

533
534

535
536
537

538
539
540

541
542

543
544
545

546
547
548

549
550

551
552
553

554
995

7. Silva Z, Soares CO, Barbosa M, Palma AS, Marcelo F, Videira PA. The role of
sialoglycans in modulating dendritic cell function and tumour immunity. Semin Immunol.
2024; 74-75: 101900.

8. Pietrobono S, Stecca B. Aberrant Sialylation in Cancer: Biomarker and Potential Target
for Therapeutic Intervention? Cancers (Basel). 2021; 13.

9. Chen J, Zhang S, Huang X, Wang Q, Xu W, Huang J, et al. Sialylated IgG-activated
integrin B4-Src-Erk axis stabilizes c-Myc in a p300 lysine acetyltransferase-dependent
manner to promote colorectal cancer liver metastasis. Neoplasia. 2025; 61: 101140.

10.Cui H, Yang S, Jiang Y, Li C, Zhao Y, Shi Y, et al. The glycosyltransferase ST6Gal-l is

enriched in cancer stem-like cells in colorectal carcinoma and contributes to their
chemo-resistance. Clin Transl Oncol. 2018; 20: 1175-1184.

11.van de Wall S, Santegoets KCM, van Houtum EJH, Bill C, Adema GJ. Sialoglycans and
Siglecs Can Shape the Tumor Immune Microenvironment. Trends Immunol. 2020; 41:
274-285.

12.Egan H, Treacy O, Lynch K, Leonard NA, O'Malley G, Reidy E, et al. Targeting stromal
cell sialylation reverses T cell-mediated immunosuppression in the tumor
microenvironment. Cell Rep. 2023; 42: 112475.

13.Liu X, Ren B, Ren J, Gu M, You L, Zhao Y. The significant role of amino acid metabolic
reprogramming in cancer. Cell Commun Signal. 2024; 22: 380.

14.Yang L, Chu Z, Liu M, Zou Q, Li J, Liu Q, et al. Amino acid metabolism in immune cells:
essential regulators of the effector functions, and promising opportunities to enhance
cancer immunotherapy. J Hematol Oncol. 2023; 16: 59.

15.Encarnaciéon-Rosado J, Sohn ASW, Biancur DE, Lin EY, Osorio-Vasquez V, Rodrick T, et
al. Targeting pancreatic cancer metabolic dependencies through glutamine antagonism.
Nat Cancer. 2024; 5: 85-99.

16.Lee JM, Hammarén HM, Savitski MM, Baek SH. Control of protein stability by post-
translational modifications. Nat Commun. 2023; 14: 201.

17.Do LK, Lee HM, Ha YS, Lee CH, Kim J. Amino acids in cancer: Understanding
metabolic plasticity and divergence for better therapeutic approaches. Cell Rep. 2025;
44: 115529.

18.Jing Y, Kobayashi M, Shoulkamy MI, Zhou M, Thi Vu H, Arakawa H, et al. Lysine-
arginine imbalance overcomes therapeutic tolerance governed by the transcription factor
E3-lysosome axis in glioblastoma. Nat Commun. 2025; 16: 2876.

19.McArthur JB, Chen X. Glycosyltransferase engineering for carbohydrate synthesis.
Biochem Soc Trans. 2016; 44: 129-142.

20.Rossi M, Altea-Manzano P, Demicco M, Doglioni G, Bornes L, Fukano M, et al. PHGDH
heterogeneity potentiates cancer cell dissemination and metastasis. Nature. 2022; 605:
747-753.

21.Chen J, Cui L, Lu S, Xu S. Amino acid metabolism in tumor biology and therapy. Cell
Death Dis. 2024; 15: 42.
16



556
957

558
559

560
561
562

563
564
565

566

567
568
569
570

571

22.Wan X, Zeng W, Fan H, Wang C, Han S, Sun Z, et al. MAT2B regulates the protein level
of MAT2A to preserve RNA N6-methyladenosine. Cell Death Dis. 2024; 15: 714.

23.Annibali D, Fendt SM. Nuclear PHGDH protects cancer cells from nutrient stress. Nat
Metab. 2021; 3: 1284-1285.

24 .Panmanee J, Bradley-Clarke J, Mato JM, O'Neill PM, Antonyuk SV, Hasnain SS. Control
and regulation of S-Adenosylmethionine biosynthesis by the regulatory $ subunit and
quinolone-based compounds. Febs j. 2019; 286: 2135-2154.

25.Ding M, Wang C, Hu J, She J, Shi R, Liu Y, et al. PLOD3 facilitated T cell activation in
the colorectal tumor microenvironment and liver metastasis by the TNF-a/ NF-kB
pathway. J Transl Med. 2024; 22: 30.

Supplementary Material

Original Data for Western Blotting All original, uncropped, and full-length membranes for
western blot analysis presented in the main ffgures are provided in this Supplementary
Information (Supplementary Figures S1-S6). Molecular weight markers are indicated, and
the regions cropped for main ffgures are clearly delineated.

17



Target gene set characterisation Molecular Classification

360 genes related to salivary acidification and genes Clustering heatmap for consistency across 6 subgroups
related to amino acid metabolism were screened == T o

Analysis of differences in expression

4 -
Survival analysis results map

Screening for subgroups with significant differences
—p g group: g

Differential gene enrichment analysis

Cox univariate analysis | i- - -

6 prognostic genes screened Correlglion analysis of enrichgd pathways
with 6 relevant prognostic genes

[ single-cell and Spatial Transcriptome Analysis |

Single-cell analysis | Spatial transcriptome analysis |

Calculate the function score for each cell Demonstrate differences in the distribution of
sl S L . N immune, epithelial, and stromal cells
oA A

| — | = . “ “ ‘ ‘
Grouping based on scores e n #

Perform differential gene enrichment analysis Calculate the rgsults of funct!ona[ enrichment
L - analyses for high functionality score groups
h | I G

el =

Prognostic Modelling |
Applying 101 algorithms for building models -

\

Hiijii]
{IHIL
I

Determination of the best model

8 datasets ~ h ™ v\\
Calculate AUC values for 1, 3, and 5 years . g;
C-index analysis A Nt ‘\
Survival analysis
e | Comparison of prognostic models I =
Tt oo o0k ) ol ¢ R e
| Nomogram model building and validation | T N

| Validation of model validity |

Tumourimmune ___, TMBAnalysis ——» Immunotherapy ___, Drug Sensitivity ___, Cell Communication
infiltration analysis Analysis Analysis Differences

- % k. ':' I = - = =
.fr?$$ !ég I ' N SERAL

5

572

573 Fig. 1 Experimental workflow of the study. Their potential relevance in colorectal cancer
574 (CRC). Among these 360 genes, 270 showed significant differential expression between
575 tumor and adjacent normal tissues in at least one dataset. Subsequent correlation analysis
576 of these 270 genes revealed distinct expression patterns. Univariate Cox regression

577 identified six genes—AOC3, PLOD3, CDO1, PHGDH, MAT2B, and ASRGL1—that were

578 significantly associated with patient prognosis, suggesting their potential roles as prognostic
579  biomarkers.

580

18



581
582
583
584
585
586
587

588

B TCGA-CRC GSE110224 GSE22598
.

o 8 e Al
& [ ]
J A% ol et |
i o A By | I
| § 5 o i o E
' J  FRaR
iR -

e e §§§*§§§§

S50 3OS

i {gats -.&.qy..,!,
i«i%«ﬁhi(uﬁi%«q“{i;“

GEO-CRC

on I R
Hazard ratio

e
%

G
gfzggcgzgsaseyzagggss,
d8ccdcsccoosss Ss°3ssss et

o ~ Rk
$ l ~8 - Protective
S l ] § p-value
. oo
’8;__1{ H‘fgn.i 8 % it
i T ® 002
41’4+! ® 003
® 004
o

Fig. 2 Characterization of sialylation and amino acid metabolism gene sets. A. Heatmap
showing significant correlations between sialylation-related and amino acid metabolism—
related genes. B. Volcano plots of differentially expressed genes between tumor and
adjacent tissues across four datasets (TCGA and three GEO cohorts). C. Forest plot of
univariate Cox regression for prognostic genes in the combined cohort. D. Expression
correlation heatmap of differentially expressed genes across all datasets.

19



589
590
591
592
593
594
595
596

597

A NIF ranksurvey = .| = Gt 3 = Couor 3

cophenetic dispervion | - Cluster 3 == Cluster 4 == Cluater 6
100 |
\ .
a0
4
o 098
S| e
WIS S WA AR TR
T3iRETaele  13i3¢ikene  23i%ETaRk
T = S| ato
‘ 20004} - P S3e06
i | AL ws s HR (Clister ) - 16 044617
il HR (Cluster 3) = 7.9(25-25)
1o .. 3
L * Coefficients HR (Clester 4) = 3.9(1 8- 13)
< 025 * Comensus. MR (Cluster ) =3.6(18-12)
a .+ raee L HR (Cluster 6) <4513 1)
T3i%ishote  FiiFeiasi EESEIETEH] - < -
parseness Time(years)
= Number at risk
) - . 2 N
% = |8 5 } o H
s =& i o 4 H
o = L o g H i
P g 3 3 3 W
i (1AL Time(years)
ERFETRERTY
Factorization rank
pTENEREDEN PM I no 1 w1
P=0.06 P=0.06
1. ™ )
3
5 7
5 : g
H i i
Fos B o) o
H i i

Chuser 1 Clsir 2 Clawer 3 Ciawer 4 Claer 3 €

Stage I Suge! [ Seoge 1 (5 Seage 1t [ Stage1v Status B Athe 1 Desd
P=0.06 P=0.06
- : -
i .
- o a2 2 0
& &£ i i &
¥ i B H
g L E .59 E 050
3 - | I =
= 0|
035 0254
e ™ -
o O O G T R A O TS O
TOGA-CRC
Helust.method: ward.D
D /

gt iy e
¥ L L

Fig. 3 Molecular subtyping and functional analysis. A. NMF clustering of patients based on
six prognostic genes identifies six molecular subtypes with distinct survival patterns. B.
Distribution of clinical features across subtypes. C. Sankey diagram showing relationships
between NMF subtypes, TCGA immune subtypes, and TCGA molecular subtypes. D.
Differential gene expression between subtypes C1 and C3. E. GSEA results of upregulated
and downregulated genes between C1 and C3. F. Correlation heatmap between enriched
pathways and ssGSEA scores of the six prognostic genes.

20



598

599
600
601
602
603

604

A -~ Statylation_amino, acid. metsbolism-AUCoroup Sialylation_amino_acid_metabolism-AUCscore

R

; g -»

Foa

| 02
4 01
oo

| reusiawatisp < 22e-16

§

§

§ :

‘é‘.

i 2 3+
i i

B St B 0 il i
C . Sialylation_amino_acid_metabolism
03 - A=-004,p=002 03 WR=e0.11,p=190-11 T |}
'_E_ 5 . % au
gu i .
0. 10.2¢ e
1 1 I
) | i "
g £ R g R
:m :lu.v» & s ' v ol 1 |
s s 3
s 8 | 3
> CE | 3w
s - 2
s —a ! s LT
Y 0.01 o E] 3 -
000 3 050 075 %0 000 Rank in Ordered Dataset

Fig. 4 Single-cell and spatial transcriptomic validation. A. Cell-type annotation, AUCell
scoring, and functional enrichment analysis of high- vs. low-scoring cells in scCRNA-seq
data. B. Spatial transcriptomic maps showing cell-type distributions and regional enrichment
of functional scores. C. Correlations between functional score and epithelial, stromal, or
immune features; GSEA of highscore regions.

21



605
606
607
608
609

610

= 055 0308
a5 4508

563
am
adn
3 asi
s
as
o3
s

543 0
asen 0500 a3

15
N

B 1-Year ear [ 5Year C
1 ! GSE12945 ‘ r—.—A
GSE12945 G ‘ ‘
GSE17536 —
GSE17536 c = | . [
GSE17537 ’_‘ '
GSE17537 o ner .
GSE38832 E—
esEausn2 @ L] @
G8E39582 . 0 | ‘ GSE39582 ‘ +
SE41. -
GSE41258 ) [ @ esenzse] |
GSEET211 . e . asesizit] | =
TCGA_CRG . e . TCGA_CRC I ~—|—
0.00 025 050 0.75 000 0.25 050 0.75 0.00 0.25 0.50 0.75 oo 02 04 08 08
AUC C-index
Gazss GsEssT Gsesen
o i
s
z :
H §
| L
"= & = £40.0001
" o on
¥ ¥ R ‘ > T ® ¢ Y e ¥ ° T
Number at riek Humber at sk Number at risk Numbor a1 risk.
_|= 3 2 " " s | o s , R y ' . P . . s o
“l= 7 » aﬂ " . = ) " . s e “ « ) 0o |w - = " o
. ! T Z J D e } * T e '
asesse aszaase asBrznt
e
g z ¢
g 3 i
el Bane o
i i H
) " pensar B
| - ot
7 T 5 7 ] s 0
M atrsk Numbaratrisk Humbertrak Huber sk
== % " o ' w n ” ) T n o ow 2 . : e 8 o o v
~ = w0 “ 0 1o " " 0 ] L b 3 o |m e = u )
sy bl Y i) ‘ » : < st : = ¥ - ' =

Fig. 5 Construction of the prognostic model. A.
combinations across seven validation datasets. B. Time-dependent AUCs for predicting 1-,
3-, and 5-year survival. C. C-index of the ffnal model across eight datasets. D. Kaplan—
Meier curves comparing survival between high- and low-risk groups.

22

C-index heatmap of 101

algorithm




611

612
613
614
615

616

N

‘IH | F‘-:

‘ |t ’ -
Il \, ~
(1]
= J— i PaPL i s TS e
i z z 4 g
£ it | e 8 & H e
i &y g | "3 H 5 i
atne, P * cmipiine adh - - drasil
s s § i comar " =
T_ (3 1 |g ] . 2~ 2]
H § H H H
i Fer i % H
! H ! ¢ ;
§ol ! 5 L
" — ‘ solembom] PR Dl ol — L —tio ¢ Lo v
D GSE12945 GSE17536 GSE17537 _ GSE38832 GSE39582 GSE41258 GSE87211 TCGA_CRC
RS ) Lu-NPJPO+ A Jin ~©-| Wang-OMCL{ i RS —0—| Wang-OMCL- e 1 Huang- R
Shanshan —— ‘Shanshan { —o— Huang. e Wang{ -@- Wang: “o— Jin | —e— Wang | e
Lo —o— RS —— Luo-SR -0 i -0 Xiang —o— Huang —8— Luo-SR | e
Wang —e— | wang-omcLi e Gao e Lo —o— Lv o Jin | o
Gu —e— L4 —o— Shanshan- Shanshan —o— Xiang. —o— Zhu-ASW- | o
Lin R Wang ' —o— Wang-OMCL Lin-UIGM —o- K —-o— RS o
Jin P Lin{ —e Gu Wang-OMCL- - Shanshan- —— Luo e
Lu-NPIPO Py Luo-SR+ —o Ln-UGM: Jin o Song Shanshan e
Husng =850 Huang == v Lu —or L Wang-OMCL o
Wang-OMCL- —— Jint —e— Wang . o Wang > Gu _:
Zhu-ASW]  —@— i | > Ly Huang —o- o s 2
Zhe v —9—‘ Lu-NPJPO- = RS —o- Man- ‘e“
o e Zhuy  —8— Man o ) Lu —o- [ -
0y, d Xiang: ~ —@— | Lin g oe Zhu-ASW. —ok Zhu -©
Mea1 T &7 Wi —e—| K e — 0 Zhe|  —0+ Wi el
Loy —o Zhu-ASW:  —&— | Zhu Sorgl: | ~6- UnUGM;  —8-+— Lin-UGM el
v —e— a1 ) o Zhu-AsW{ —O- luoy —O— Song - |
K| —e—1 oy —&— | Lu Kot | —o— Gao| —€—1| un| -©- |
Song] —O— Gu; —O— | Song Luo-SR{ —6— Man| —©—| w{ e |
Xu) —O— ki —e— | Zhu-ASW- K| —o— Luo-SR{  —©— | Lu-NPIPO{ -©- |
Un-UGM{ —— Xui —8— Xu Zhu —0— Lu-NPIPO,  —B— | Xiang{ €~ |
Luo-SR{ —@— Lin-UGM: —©— 1 Xiang: Man{ —O— ] Xu| —O— | 2K & |
—— 1= o Luo Lu-NPJPO{—6— i Gu i\ Gao{-©- |
50 0.65 05 0.6 04 05 06 07 05 _ 06 0.7
lex Cindex index Cindex

Fig. 6 Comparative performance of the risk model. A. Risk score distributions across
datasets. B. PCA showing separation between risk groups. C. C-index comparison of the
risk score with clinical features. D. C-index comparison with 22 published prognostic models

across eight datasets.

23



A

—
, B ol
Trait HR(95%)  pval o B Trait HR(@5%)  pval .
Age 1.03(1.01-1.05] <0.001 - ¥ Age 1.03(1.01-1.05] <0.001 ~ H
Gendermale  1.05(0.74-1.5]  0.779 ' Gendermale  1.05[0.74-15] 0779 s Ao [ v
Stage Il 1.79[0.74-431)  0.196 W e——x Stage Il 178(0.74-431) 0196 Sogell | f——ri
Stage Il 3.34[1.41-7.91]  0.006 SugeiVy | ——y Stage Il 334[141-791] 0.006 StagelV] ! ——y
StagelV  9.13{3.87-21.54] <0.001 PeSETRSIS B SE—— Stage V. 9.13(3.87-21.54] <0.001 prr e |
StageUnknown  825[3-22.72)  <0.001 O StageUnknown  8.25(3-2272]  <0.001 :
PMM1 435[2.92:647) <0.001 ' oMM 435(292-647) <0.001 o | S
PN N1 1.9(1.21-3]  0.005 Ll i o oSNNI 19121-3] 0005 PN B
PN N2 3.98(263-6.04] <0.001 PR (L Sy oNN2 3.98(263-6.04] <0.001 RO e
pIT2 °i5i°<“5l 0552 praz H—t oT T2 095{02-45] 0952 | [ —
pTT3 2.04[0.5831] 0318 \ v
BT [ — pTT3 20405-831) 0318 d
T T4 6.25[1.48-26.41) 0.013 ' ] —
2 = . PTT] | —— pTT4 6.25{1.48-26.41] 0.013 '
RS 374[2.19638] <0.001 ! o 3742.19-638] <0001 prng
o] §— ) [ g —
X K I
nomogram
Points
C 6 10 20 30 40 50 60 70 80 90 100
Gender Itl
el e
pN unkgown = &
N
pT Filj B K
= unkgown
l;I T4
RS™ I |
14 06 02 i
. ﬁ‘m £
known
Stage* ﬁ}l Stfe v Unlfﬁvm
Ltage
Age™™ T — |
30 40 50 60 70 0 %
Total points
320 340 0 380 4060 420 440 280 480
Pr0S.tme < 29 53 006 01 02 03 0% 085 0975 0998
Fr(asame:< 3 5 002 004 008 0715 03 0% 07 088 %8
Gl 0015 0063 006 07 02 03 0% 0’8
v T T - =+ Highpoint == Low point
D 2 = e e 1 E
— Syew 35 2100
—— S-year 3" 3
. g 075
e o
5 050
s
025 p<0.0001
o | 3
33 2 000
3 [ 3 3 9 12
§ Overall survival (years)
H
834 Number at risk
= | 303 65 12 4 0
= | 303 91 20 9 1
8 0 3 6 9 12
Overall survival (years)
Number of censoring
g4 g8
o0 RE 10 333. J‘-Ivmﬂil“”'LJ"...»..-....,.. sy i i
[) 3 9 12

6
Overall survival (years)

617

618 Fig. 7 Nomogram construction and evaluation. A. Univariate and multivariate Cox analyses
619 of the risk score and clinical variables. B. Nomogram integrating the risk score and clinical
620 factors. C. Decision curve analysis comparing models. D. Calibration plots for 1-, 3-, and 5-
621  year survival predictions. E. Survival analysis stratiffed by total nomogram score.
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Fig. 8 Immune inffltration and tumor mutation burden. A. Risk score distribution across NMF
subtypes; correlations with hallmark gene sets; TMB differences between risk groups. B.
Immune, stromal, and ESTIMATE scores, as well as tumor purity; immune cell inffltration
proffles from CIBERSORT, MCP-counter, and TIMER.

25



629

630
631
632
633

634

response [/ NR ll R

Wilcoxon, p = 2e-14, 4 Conon. =1 se0s 10 Whooush, pu1a0ge.
o P = 7.09¢-05 2 - P B o
7 bR B " o
VM g 8 2] ok
05 L ] - G2 J 3
*-;0'75 ‘.-'. 4 % 1 ? ; % s o :
: 3 ) 3 1
[ k- B L :
- g - £ 303 s =7 =
M- 8. 2 e o o g o
T8 %
9 M et Pros  wwoonpe220075 g wicoton. 5. 3807
a -0.5 .?.“ '-'.': 5 ) 2 i G =
0.25 L o) B % ’ 2 3
el o gt ~u
i <y gﬂ' - X g e
14 - s
0.00 J L [
£ ) 2
high [ NR
Ca o
B Melanoma_GSE91061 Melanoma_GSE91061 Melanoma_PRJEB23709 Molgnoma PRIEB23700.
1.00 3 Kruskal-Wallis, p = 0.0053 1.00 Wilcoxon, p = 0.58
+ High RS & T ~+ High RS o,
Low RS . X Low RS oo
g s s |. E o L &
4 E- L
8 = 3 *
) ]
& 050 1 e 8 050
s g ] ™
s .
5 oz 2 £ o =
@ p=0011 . @ p=0082 *
0.00 o 0.00 05
0 1 2 9 0 1 2 3 4
Time(years) Time(years)
Number at risk . Number at risk
High RS{ 50 27 14 g High RS{ 50 35 17 6 1 0.0-
51 a7 27 -1 o 41 28 12 6 3
[ 7 7 ] URK ) ) 7 3 3 N k
Time(years) Time(years)
wial Wilcoxon, p = 50-08 i Wilcoxon, p=0.00034 Wilcoxon, p =4.8e-06 o Wilcoxon, p =3.50-05
0.100- 03
03
0061
3 5 2
- Tioors & :
2 T oz 2
§ 0.4 g £ E 0%
£ 3 0050 g &
a H a o
. L . o1 = -
002! . LT o1
i3 0025 L R

Fig. 9 Immunotherapy prediction and drug sensitivity. A. Correlations between the risk score
and immune checkpoint genes; TIDE and IPS analysis in TCGA cohort. B. Survival analysis
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and risk score distributions in PRJEB23709 and GSE91061 immunotherapy cohorts. C.
Differential drug sensitivity (IC50) between risk groups for selected compounds.
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636 Fig. 10 Cell-cell communication differences at single-cell resolution. A. Increased signaling
637 interactions in endothelial, epithelial, and ffbroblast cells in high-risk cells. B. Reduced
638 signaling pathways in corresponding cell types in high-risk group.
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Fig. 11 PLOD3 is upregulated in colorectal cancer and promotes tumor cell survival and
clonogenicity. A. PLOD3 mRNA expression levels in PBMCs from CRC patients (n=6) and
healthy controls (n=6) as determined by gRT-PCR. B. Representative western blot and
quantitative analysis of PLOD3 protein expression in paired CRC tumor and adjacent
normal tissues from six patients. C. Validation of stable PLOD3 knockdown in Caco-2 and
HCT116 cells transduced with two independent shRNAs (shPLOD3-1, shPLOD3-2) or a
non-targeting control (shNC). Protein levels were assessed by western blot. D. Western blot
analysis of apoptosis-related proteins (BAX, Bcl-2) and epithelial-mesenchymal transition
(EMT) markers (E-cadherin, N-cadherin, Vimentin) in control and PLOD3-knockdown Caco-
2 and HCT116 cells. E. Apoptosis analysis by Annexin V-FITC/PI staining and ffow
cytometry in control and PLOD3-knockdown cells. F. Representative images and
quantiffcation of colony formation assays in control and PLOD3-knockdown cells.
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Fig. 12 PLOD3 knockdown impairs the migratory and invasive capacities of colorectal
cancer cells. Representative images and quantitative analysis of wound healing assays
performed in control and PLOD3-knockdown Caco-2 and HCT116 cells; Transwell migration
assays. Representative images and quantiffcation of migrated control and PLOD3-
knockdown cells after 24 h (HCT116) or 48 h (Caco-2). Migrated cells were stained with
crystal violet; Matrigel invasion assays. Representative images and quantiffcation of
invaded control and PLOD3-knockdown cells after 24 h (HCT116) or 48 h (Caco-2).
Invaded cells were stained with crystal violet.
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