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Abstract 22 

Background: CRC, or colorectal cancer, exhibits substantial biological diversity, with varied 23 

metabolic programs and inconsistent benefit from immunotherapy. Pathways involving 24 

sialylation together with metabolism of amino acids shape tumor development and 25 

regulation of anti-tumor immunity. However, the prognostic significance of this combined 26 

metabolic signature for CRC remains clinically undefined in practice. 27 

Methods: We assembled genes related to sialylation plus those linked to metabolism of 28 

amino acids from public databases to construct a comprehensive candidate list. Multi-omics 29 

profiling integrated bulk RNA-seq, single-cell transcriptome profiling, and spatially resolved 30 

transcriptomic data to examine their functions in CRC. Differential expression testing, 31 

survival modeling, and consensus-based clustering were used to define metabolic–32 

epigenetic tumor categories and compare clinical outcomes. From these markers, we 33 



2 

 

derived a multigene risk score centered on six regulators connected with sialylation and 34 

amino-acid metabolic pathways. Its prognostic performance was rigorously evaluated within 35 

several external colorectal carcinoma cohorts using multiple survival endpoints. We further 36 

examined the key regulator PLOD3 in patient specimens and cultured cells using qRT-PCR, 37 

immunoblotting, flow cytometry, colony formation, migration, and invasion assays. 38 

Results: We identified six prognosis-related genes (AOC3, CDO1, PHGDH, MAT2B, 39 

ASRGL1, and PLOD3) that function as principal metabolic determinants in CRC. For 40 

unsupervised clustering, non-negative matrix factorization separated tumors into six 41 

molecular subgroups, among which Cluster 3 showed the most unfavorable survival. 42 

Single-cell transcriptomics and spatially resolved transcriptomic analyses demonstrated 43 

marked metabolic and immune diversity across the tumor microenvironment. These 44 

datasets revealed distinct architectures of immune-cell infiltration and region-specific 45 

metabolic activity within tumor tissue. The six-gene risk model displayed high prognostic 46 

accuracy, outperforming conventional clinicopathologic variables and previously proposed 47 

CRC signatures. Patients assigned to the high-risk group exhibited increased tumor 48 

mutational burden, pronounced activation of immune pathways, and perturbed immune 49 

responses, indicating exploitable therapeutic opportunities. In experimental validation, 50 

PLOD3 expression was markedly elevated in peripheral blood and neoplastic tissue from 51 

individuals with CRC. Stable depletion of PLOD3 in colorectal cancer cell lines reduced cell 52 

proliferation, migratory capacity, invasive potential, and epithelial–to–mesenchymal 53 

plasticity. It simultaneously enhanced apoptotic cell death in colorectal cancer cells under in 54 

vitro experimental conditions. 55 

Conclusions: Our investigation emphasizes the central contribution of sialylation and 56 

amino-acid–related metabolic programs to colorectal cancer progression and immune 57 

modulation. The integrative prognostic framework, together with mechanistic dissection of 58 

PLOD3, supports refined risk stratification and informs individualized therapeutic planning 59 

for patients with CRC. 60 

Keywords: Colorectal cancer, sialylation, amino acid metabolism, immune infiltration, 61 

prognostic model. 62 

Introduction 63 

Colorectal cancer (CRC) remains a major health challenge worldwide and contributes 64 

substantially to cancer incidence and death, accounting for 6.1% of global cases and 9.4% 65 

of cancer-related mortality[1]. Advances in screening methods, surgical strategies, 66 

chemotherapy, and immune checkpoint blockade have improved outcomes, yet patients 67 

with advanced disease continue to face limited survival prospects[2, 3]. Increasing evidence 68 
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highlights the strong influence of epigenetic mechanisms on gene regulation and the tumor 69 

microenvironment in CRC[4]. However, interactions between epigenetic changes and 70 

metabolic remodeling, and how these processes shape tumor progression and therapeutic 71 

escape, are still insufficiently understood. 72 

Among epigenetic processes, sialylation has emerged as an important regulator in cancer 73 

biology[5]. This terminal glycosylation event attaches sialic acid residues to diverse 74 

glycoconjugates, thereby generating surface sialoglycans that influence cell 75 

communication, immune recognition, and metastatic capacity[5-7]. Abnormal sialylation 76 

frequently appears in CRC and correlates with aggressive behavior, reduced drug 77 

sensitivity, and unfavorable clinical outcomes[8]. For example, increased ST6Gal-I 78 

expression enhances CRC cell survival and protects against apoptosis, while sialylated 79 

integrin β4 promotes liver metastasis through Src–Erk pathway activation[9, 10]. Sialylated 80 

molecules can also mask tumor antigens and foster immune suppression, weakening anti-81 

tumor immunity[11]. Targeting sialylation has shown promise for restoring T cell activity and 82 

improving immunotherapy responses[12]. Yet, the upstream pathways controlling aberrant 83 

sialylation in CRC remain largely undefined. 84 

Metabolic reprogramming represents another core feature of malignancy, with amino acid 85 

metabolism serving essential roles in cancer growth[13]. Amino acids support protein 86 

production and regulate energy turnover, redox stability, epigenetic marks, and immune 87 

functions[14-16]. CRC cells display elevated uptake and utilization of amino acids such as 88 

tryptophan, glutamine, methionine, and arginine to maintain proliferation, immune evasion, 89 

and metastatic spread[17]. Altered arginine and branched-chain amino acid (BCAA) 90 

pathways have been linked to CRC development and treatment resistance, and several 91 

metabolic enzymes are being explored as biomarkers or therapeutic targets[18]. 92 

Emerging studies indicate a bidirectional relationship between amino acid metabolism and 93 

sialylation. Amino acid levels can shape glycosyltransferase activity and determine 94 

precursor pools required for sialoglycan synthesis[19]. Conversely, dysregulated sialylation 95 

may influence transporter expression and metabolic signaling that control cellular nutrient 96 

processing. Despite these observations, the coordinated regulation of amino acid 97 

metabolism and sialylation in CRC remains insufficiently defined. Clarifying this integration 98 

may uncover new biological vulnerabilities and inform targeted therapeutic strategies. 99 

To address these gaps, we applied an integrative multi-omics framework combining bulk 100 

transcriptomics, single-cell sequencing, and spatial transcriptomics to comprehensively 101 

characterize sialylation patterns and amino acid metabolic programs in CRC. We defined 102 

distinct epigenetic–metabolic subgroups, generated a prognostic model, and identified 103 

central regulatory molecules and potential therapeutic targets. These findings highlight an 104 
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interconnected network between metabolic and epigenetic pathways in CRC and offer a 105 

foundation for improved prognostication and personalized treatment strategies. 106 

Materials and methods 107 

Data Collection and Preprocessing 108 

RNA-seq profiles for colorectal cancer were obtained from the TCGA dataset (606 samples 109 

with matched clinical information). Expression values were transformed to TPM and log2 -110 

scaled before analysis. External validation used GEO cohorts GSE17537 (n=55), 111 

GSE39582 (n=579), GSE12945 (n=62), GSE87211 (n=196), GSE17536 (n=177), 112 

GSE38832 (n=122), and GSE41258 (n=182). Differential-expression analyses incorporated 113 

GSE22598 and GSE110224 (each comprising 17 tumor–normal pairs) and GSE41328 (10 114 

paired samples). Data preprocessing involved two steps: normalization with 115 

normalizeBetweenArrays (limma) and batch correction with Combat (sva). 116 

Single-Cell and Spatial Transcriptomics Data 117 

Single-cell RNA-seq data from GSE132465 (23 CRC tumors) were processed in Seurat (R 118 

v4.1.3). Low-quality cells were removed using strict filters. Cells with¿ 20% % mitochondrial 119 

genes,> 3% blood-cell signatures, <200 or> 6 000 detected genes or UMI counts outside 120 

200 to 50,000 were excluded. Data were normalized, and 2 000 variable genes were 121 

selected using NormalizeData, FindVariableFeatures, and ScaleData. Dimensionality 122 

reduction used UMAP and tSNE, followed by Louvain clustering. Cluster-specific genes 123 

were detected with FindAllMarkers using p < 0.05, log2FC > 0.25, and expression 124 

frequency > 0.1. Spatial transcriptomics data from GSE225857 (four primary CRC tissues) 125 

were processed with SpaceRanger. Data were normalized and corrected using 126 

SCTtransform. Cell-type assignments for each spatial spot were predicted using CARD, 127 

and results were visualized in Seurat. Gene-set activity in each spot was scored through 128 

AUCell. 129 

Cell type annotation and visualization 130 

Cell identities were assigned using canonical lineage markers. Epithelial cells expressed 131 

EPCAM, KRT18/19, and CDH1; fibroblasts showed DCN, THY1, COL1A1/2; endothelial 132 

cells exhibited PECAM1, CLDN5, FLT1, and RAMP2. T-cell subsets were defined by 133 

CD3D/E/G and TRAC, NK cells by NKG7, GNLY, NCAM1, and KLRD1. B cells expressed 134 

CD79A, IGHM/IGHG3/IGHA2, and plasma cells were enriched for JCHAIN. Mast cells 135 

carried KIT, MS4A2, and GATA2. UMAP/t-SNE embeddings and bar-plot/heatmap 136 

visualizations summarized transcriptional heterogeneity and cell-type composition. 137 
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Gene Set Collection 138 

Sialylation-related genes were obtained from published literature (PMC9623420; Sialylation 139 

markers.txt). Amino acid metabolism genes were sourced from KEGG 140 

(hsa00001.format.txt). These curated sets were used for downstream correlation and 141 

prognostic analyses. 142 

Prognostic Gene Screening and Consensus Clustering 143 

Genes linked to sialylation or amino acid metabolism were identified by correlating their 144 

expression with the corresponding pathway gene sets across TCGA and GEO datasets, 145 

retaining genes with |R| > 0.3 and p < 0.05. Differential expression between tumor and 146 

normal samples was assessed using p < 0.05 and log₂FC > 1. Genes that satisfied both 147 

correlation and differential-expression thresholds were designated as candidate prognostic 148 

markers. Six prognostic genes PHGDH, AOC3, PLOD3, MAT2B, ASRGL1, CDO1 were 149 

selected for clustering. Nonnegative matrix factorization (NMF) was applied to TCGA-CRC 150 

samples to define metabolic–sialylation subtypes. The cophenetic coefficient guided the 151 

selection of the optimal number of clusters, yielding stable risk groups for subsequent 152 

analyses. 153 

SNV Analysis 154 

Tumor mutation burden (TMB) was derived from TCGA somatic mutation profiles using the 155 

maftools package. Differences in TMB between risk groups were evaluated with the 156 

Wilcoxon rank-sum test, applying a significance threshold of p < 0.05. 157 

Cell–Cell Communication Analysis 158 

Cell–cell communication was assessed using CellChat. The normalized expression matrix 159 

was preprocessed with identifyOverExpressedGenes, identifyOverExpressedInteractions, 160 

and projectData to detect active ligand–receptor pairs. Communication probabilities were 161 

computed using computeCommunProb, filtered with filterCommunication, and mapped to 162 

signaling pathways via computeCommunProbPathway. Interaction strengths were 163 

summarized using aggregateNet, generating global and pathway-specific communication 164 

networks. 165 

Differential expression and enrichment 166 

Differential gene expression between tumor and matched adjacent normal tissues was 167 

evaluated with limma. Genes with an adjusted p value < 0.05 and an absolute fold 168 

change > 1.2 were considered differentially expressed. Functional enrichment analyses 169 

were conducted using clusterProffler. Gene set enrichment analysis (GSEA) incorporated 170 

HALLMARK, GOBP, and KEGG collections from MSigDB, and results were visualized with 171 

enrichplot. 172 
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Prognostic Risk Score Generation 173 

A prognostic model was built by testing 101 machine-learning approaches (e.g., RSF, 174 

Elastic Net, Lasso, Ridge, CoxBoost, PLSR-Cox, SuperPC, GBM, survival-SVM). 175 

Prognostic genes identified by univariate Cox analysis across eight cohorts, including 176 

TCGA-CRC, were used to train models under LOOCV. Performance was validated in seven 177 

external datasets using Harrell’s C-index. 178 

Immune Response Prediction and IPS Analysis 179 

Immune-therapy response was estimated by calculating risk scores in PRJEB23709 and 180 

GSE91061 melanoma cohorts. For TCGA-CRC, immune responsiveness was assessed 181 

using TIDE, and IPS values from TCIA were compared across risk groups. Risk scores 182 

were correlated with immune-checkpoint gene expression (HAVCR1, CD28, ICOS, 183 

TNFRSF9, IL2RB, CD27). 184 

Tumor immune infiltration analysis 185 

Immune infiltration in the tumor microenvironment (TME) was quantified with the IOBR 186 

framework, which integrates CIBERSORT, TIMER, MCPcounter, and Estimate. Heatmaps 187 

were generated to depict immune cell composition in the TME. The Estimate algorithm was 188 

further used to compute stromal, immune, and tumor scores, enabling comparison of TME 189 

features between different risk groups. 190 

Drug sensitivity analysis 191 

Drug sensitivity was predicted using oncoPredict, and groupwise IC50 differences were 192 

tested with the Wilcoxon rank-sum test. 193 

Cell Lines and Culture Conditions 194 

Human CRC cell lines HCT116 (Procell, CL-0096) and Caco-2 (Procell, CL-0050) were 195 

maintained under standard culture conditions. HCT116 cells were grown in McCoy’s 5A 196 

medium (Procell, PM150710) containing 10% FBS and 1% penicillin–streptomycin. Caco-2 197 

cells were cultured in MEM supplemented with NEAA (Procell, PM150410), 20% FBS, and 198 

1% penicillin–streptomycin. All cells were incubated at 37 °C, 5% CO2, and high humidity, 199 

screened regularly for mycoplasma, and authenticated by STR profiling. 200 

shRNA-Mediated Silencing 201 

Lentiviral shRNA was used to generate stable knockdown cells. HCT116 or Caco-2 cells (2 202 

× 105 ) were plated in six-well dishes and allowed to adhere for 24 h. Cells were then 203 

infected with concentrated lentivirus (MOI 5–10) plus 8 µg ml −1 polybrene and incubated 204 

overnight. The viral medium was replaced with fresh complete medium, and cells were 205 

cultured for 36–48 h to permit transgene expression. Stable knockdown lines were obtained 206 

by puromycin selection (2 µg ml −1 ) for 7–10 days. 207 
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Sample collection and ethics 208 

Institutional Review Board approval was obtained from Affiliated Hospital of Nanjing 209 

University of Chinese Medicine, and all procedures complied with the Declaration of 210 

Helsinki. Written informed consent was secured from every participant. Peripheral blood 211 

was collected from six CRC patients and six matched healthy individuals. During surgery, 212 

tumor specimens and paired adjacent normal tissues (collected ≥5 cm from the tumor 213 

margin) were harvested. 214 

RNA extraction and quantitative RT–PCR 215 

Total RNA was extracted from PBMCs using TRIzol LS, and RNA concentration/purity were 216 

assessed with a NanoDrop spectrophotometer. Next, 1 µg of RNA was reverse-transcribed 217 

to cDNA using the PrimeScript RT Kit. qRT–PCR was performed in triplicate on a 218 

QuantStudio 5 with TB Green Premix Ex Taq II under the following program: 95 °C for 30 s, 219 

then 40 cycles of 95 °C for 5 s and 60 °C for 30 s. PLOD3 expression was normalized to 220 

GAPDH. 221 

Tissue protein extraction 222 

Tumor and adjacent normal tissues were snap-frozen and stored at −80 ◦C. Approximately 223 

30 mg of tissue was homogenized in RIPA buffer supplemented with protease inhibitors. 224 

The lysates were centrifuged at 14,000 × g for 20 min at 4 °C, and the supernatants were 225 

collected. Protein concentrations were quantified using a BCA assay. 226 

Western blot analysis 227 

At 90% confluence, cells were rinsed with ice-cold PBS and lysed on ice in RIPA buffer 228 

supplemented with protease inhibitors. The lysates were clarified by centrifugation (14,000 229 

× g, 30 min, 4 °C), and protein concentrations were determined using a BCA assay. Equal 230 

amounts of protein (25 µg) were resolved by 10% SDS–PAGE and transferred onto PVDF 231 

membranes. Membranes were blocked for 1 h in 5% milk/TBST and then incubated 232 

overnight at 4 °C with primary antibodies against PLOD3, BAX, BCL2, Vimentin, E-233 

cadherin, N-cadherin, and β-actin. After washing, membranes were incubated with an HRP-234 

conjugated secondary antibody for 1 h. Signals were developed using ECL, captured with a 235 

ChemiDoc MP system, and band intensities were quantified in Image Lab. 236 

Data Collection and Preprocessing 237 

Apoptosis was assessed using the Annexin V-FITC/PI kit (Beyotime). Parental and PLOD3-238 

knockdown HCT116 and Caco-2 cells (2 × 105/well) were seeded in 6-well plates and 239 

cultured for 48 h to reach 70–80% confluence. Fresh Annexin V-FITC/PI working solution 240 

was prepared on ice. After medium removal, 100 µL of staining solution was added and 241 

incubated for 15 min at 37 °C in the dark. Cells were gently detached with EDTA-free 242 
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trypsin and resuspended in 400 µL cold PBS. Samples were analyzed within 1 h using a BD 243 

FACSCanto II, collecting 10,000 events/sample. 244 

Colony Formation Assay 245 

Clonogenic growth was evaluated using a colony formation assay. Parental and PLOD3-246 

knockdown HCT116 and Caco-2 cells were collected in the logarithmic phase and seeded 247 

at 500 cells per well in 6-well plates containing 2 mL complete medium. Plates were gently 248 

agitated for uniform distribution and maintained at 37 °C, 5% CO2 for 10–14 days, with 249 

medium renewed every 3–4 days. Colonies were ffxed in 4% PFA for 15 min, stained with 250 

0.5% crystal violet (in 25% methanol) for 20 min, rinsed thoroughly, and air-dried overnight. 251 

Wound Healing Assay 252 

Cell migration was assessed with a wound-healing assay. Parental and PLOD3- knockdown 253 

HCT116 and Caco-2 cells were seeded in 6-well plates (5×105 cells/well) and grown to full 254 

confluence, then serum-starved for 12 h in medium containing 0.5% FBS. A linear scratch 255 

was made with a sterile 200 µL tip, debris was removed with two PBS washes, and wells 256 

were replenished with 2 mL of medium containing 0.5% FBS. Images were captured at 0 h 257 

and again at 24 h using an inverted microscope (Olympus IX73). Wound closure was 258 

quantified in ImageJ. Three independent experiments were performed, each with triplicate 259 

wells. 260 

Transwell Migration and Invasion Assays 261 

Migration and invasion were measured using 8.0 µm Transwell chambers. Invasion inserts 262 

were coated with Matrigel (100 µL, 1 mg/mL; 4–6 h at 37 °C). Parental and PLOD3-263 

knockdown HCT116 (2×104 cells) and Caco-2 (1×104 cells) were seeded in serum-free 264 

medium into the upper chamber; the lower chamber contained medium with 20% FBS. After 265 

24 h (HCT116) or 48 h (Caco-2), non-migrated cells were removed, and traversed cells 266 

were fixed (4% PFA), stained (0.1% crystal violet), imaged, and counted in five random 267 

fields. Experiments were run in triplicate and repeated three times. 268 

Statistical Analysis 269 

Statistical analyses were performed in R 4.1.3. Correlations between continuous variables 270 

were assessed using Pearson or Spearman methods. Chi-squared tests were applied to 271 

categorical data, and continuous variables were compared using Wilcoxon rank-sum or t-272 

tests. Survival analyses were conducted using Cox regression and Kaplan–Meier 273 

approaches within the survival package. 274 
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Results 275 

Sialoglycan and Amino Acid Metabolism Signatures Identify Prognostic Drivers in 276 

Colorectal Cancer 277 

We first examined the correlation between 105 sialylation-related genes and 255 genes 278 

associated with amino acid metabolism. A total of 360 genes with strong correlations were 279 

identified (Fig.2 A). We conducted differential expression analyses across four independent 280 

cohorts (TCGA, GSE110224, GSE22598, and GSE41328) to investigate their potential 281 

relevance in colorectal cancer (CRC). Among these 360 genes, 270 showed significant 282 

differential expression between tumor and adjacent normal tissues in at least one dataset 283 

(Figure 2 B). Subsequent correlation analysis of these 270 genes revealed distinct 284 

expression patterns (Figure 2 D). Univariate Cox regression identified six genes—AOC3, 285 

PLOD3, CDO1, PHGDH, MAT2B, and ASRGL1—that were significantly associated with 286 

patient prognosis (Figure 2 C), suggesting their potential roles as prognostic biomarkers. 287 

Metabolic Signature-Based Classification Reveals Prognostically Distinct Tumor 288 

Subtypes 289 

We utilized non-negative matrix factorization (NMF) clustering to assess the prognostic 290 

significance of the six identified genes. Based on the consensus matrix (Figure 3 A), six 291 

clusters were identified as optimal. Kaplan–Meier survival analysis revealed significant 292 

overall survival differences across the six clusters, with Cluster 1 (C1) having the best 293 

prognosis and Cluster 3 (C3) the worst. Clinical feature comparisons indicated significant 294 

differences in survival status across subtypes (Figure 3 B), and NMF-based subtypes were 295 

found to be associated with TCGA immune subtypes and molecular classifications (Figure 3 296 

C). We conducted a differential gene expression analysis between C1 and C3 to highlight 297 

molecular differences (Figure 3 D). Analysis of differentially expressed genes indicated 298 

significant roles in immune responses, metabolism, and vascular development (Figure 3 E). 299 

Furthermore, we assessed correlations between ssGSEA enrichment scores of biological 300 

pathways and the expression levels of the six prognostic genes, highlighting their functional 301 

relevance (Figure 3 F). 302 

Single cell / spatial analysis of the tumor ecosystem 303 

To better characterize how sialylation shapes the tumor microenvironment (TME), we 304 

analysed single cell RNA seq data and delineated seven major cell populations: myeloid 305 

cells, B cells, NK cells, plasma cells, epithelial cells, endothelial cells, and fibroblasts. Each 306 

cell was scored using the six gene prognostic signature, with epithelial and TNK (T and NK) 307 

populations showing the highest scores. Cells were stratified into high and low score groups 308 

using AUCell thresholds, followed by differential expression and functional enrichment 309 

analyses to dissect biological differences (Figure 4A). In parallel, spatial transcriptomics 310 
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revealed distinct spatial arrangements of epithelial, immune, and stromal compartments. 311 

Epithelial regions displayed high functional scores, consistent with the single cell findings 312 

(Figure 4B). Functional scores correlated positively with immune infiltration but inversely 313 

with epithelial and stromal content. Enrichment of immunometabolic pathways in high score 314 

regions further supported their immunometabolic activity (Figure 4C). 315 

A Prognostic Model Built on Metabolic Drivers Robustly Predicts Patient Outcomes 316 

To develop a reliable prognostic tool, we evaluated 101 modelling strategies built from the 317 

six prognostic genes. The TCGA cohort served as the training set, and seven independent 318 

GEO datasets were used for external validation. Among all candidate models, the Random 319 

Survival Forest (RSF) combined with Ridge regression achieved the highest mean C index 320 

across the test datasets (Figure 5 A). Time dependent ROC analyses showed stable 321 

predictive performance at 1 , 3 , and 5 year time points in all eight datasets (Figure 5 B). 322 

Consistent C index values indicated robust model behaviour, and survival analyses 323 

demonstrated that higher risk scores were strongly associated with worse prognosis across 324 

all cohorts. 325 

Our Model Outperforms Established Predictors Across Multiple Cohorts 326 

Risk curves and principal component analysis (PCA) in all eight datasets revealed a clear 327 

separation between high and low risk groups (Figure 6 A–B). In most datasets, our risk 328 

score achieved a higher C index than conventional clinical indicators (Figure 6 C). We 329 

further benchmarked the model against 22 prognostic signatures published in the past two 330 

years. Although the signature did not outperform all comparators in the TCGA cohort, it 331 

showed superior or comparable performance in most external cohorts (Figure 6 D), 332 

supporting its robustness and generalizability. 333 

A Nomogram Integrating Clinical and Molecular Features Enhances Risk 334 

Stratification 335 

We combined the molecular risk score with standard clinical parameters and evaluated their 336 

prognostic value using univariate and multivariate Cox regression (Figure 7 A). On this 337 

basis, we constructed a nomogram to estimate individual survival probabilities (Figure 7 B). 338 

Decision curve analysis (DCA) indicated that both the nomogram and the risk score 339 

provided greater net clinical benefit than traditional clinical variables alone (Figure 7 C). 340 

Calibration curves for 1 , 3 , and 5 year survival showed close agreement between 341 

predicted and observed outcomes (Figure 7 D). Survival analyses based on nomogram 342 

derived scores confirmed that patients with higher scores experienced significantly poorer 343 

survival (Figure 7 E). 344 
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High-Risk Patients Show Immune Activation and Increased Tumor Mutation Burden 345 

Analysis of risk score distributions across the six NMF defined subtypes revealed marked 346 

heterogeneity, with Cluster 3 exhibiting the highest risk (Figure 8 A). Correlation analyses 347 

between the risk score and hallmark gene sets highlighted pathways predominantly related 348 

to immune regulation and metabolism. Tumor mutation burden (TMB), calculated from 349 

somatic mutation profiles, differed significantly between risk groups (Figure 8 A). High risk 350 

patients also displayed altered tumor microenvironment features, reffected by immune, 351 

stromal, ESTIMATE, and tumor purity scores. Immune infiltration deconvolution using 352 

CIBERSORT, MCP counter, and TIMER 353 

Immune Landscape and Drug Sensitivity Suggest Distinct Therapeutic Vulnerabilities 354 

Risk scores were positively associated with the expression of multiple immune checkpoint 355 

genes. TIDE analysis suggested that patients in the high risk group had a lower probability 356 

of responding to immunotherapy, and non responders tended to have higher risk scores. 357 

Conversely, the low risk group showed higher IPS values (Figure 9 A). Analyses of two 358 

melanoma immunotherapy cohorts (PRJEB23709 and GSE91061) further indicated that 359 

elevated risk scores correlated with poorer survival and reduced benefit from immune 360 

checkpoint blockade (Figure 9 B). Drug sensitivity modelling predicted that agents such as 361 

bortezomib, dactinomycin, daporinad, and dinaciclib would be more effective in the low risk 362 

group (Figure 9 C), pointing to distinct therapeutic opportunities. 363 

Cell-Cell Communication Patterns Reveal Immune Escape Programs in High-Risk 364 

Tumor Cells 365 

To explore differences in intercellular communication related to prognostic stratification, we 366 

computed single-cell risk scores and categorized cells into high- and low-risk groups based 367 

on the median score. CellChat analysis revealed distinct communication patterns between 368 

these groups (Figure 10 A). High-risk epithelial, endothelial, and fibroblast cells showed 369 

increased signaling via the MDK–NCL pathway, whereas decreased MIF–(CD74+CXCR4) 370 

signaling was observed (Figure 10 B). These results indicate that impaired cell–cell 371 

communication might play a role in the unfavorable prognosis of high-risk cellular groups. 372 

PLOD3 Is Upregulated In Colorectal Cancer And Promotes Tumor Progression In 373 

Vitro 374 

Our multi-omics analysis identified PLOD3 as a potential prognostic driver in CRC. To 375 

validate its clinical relevance, we first analyzed PLOD3 expression in patient samples. 376 

Quantitative RT-PCR revealed that PLOD3 mRNA levels were significantly elevated in 377 

peripheral blood mononuclear cells from CRC patients compared to healthy controls (Figure 378 

11 A). Concordantly, western blot analysis demonstrated substantial upregulation of PLOD3 379 

protein in tumor tissues relative to matched adjacent normal mucosa from the same 380 
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patients (Figure 11 B), confirming its dysregulation in CRC. To investigate the functional 381 

consequences of PLOD3 dysregulation, stable PLOD3 knockdown was achieved in Caco-2 382 

and HCT116 CRC cell lines using two independent shRNAs (Figure 11 C). Depletion of 383 

PLOD3 triggered marked molecular changes characteristic of tumor suppression: increased 384 

expression of the pro-apoptotic protein BAX alongside decreased anti-apoptotic Bcl-2, and 385 

elevated E-cadherin accompanied by reduced Ncadherin and Vimentin—a pattern 386 

consistent with attenuated epithelial-mesenchymal 11transition (Figure 11 D). Functionally, 387 

PLOD3 knockdown significantly enhanced apoptosis in both cell lines (Figure 11 E) and 388 

severely compromised their clonogenic capacity (Figure 11 F). In motility assays, PLOD3-389 

deffcient cells exhibited markedly impaired wound closure, reduced Transwell migration, 390 

and diminished Matrigel invasion (Figure 12). 391 

Discussion 392 

Colorectal cancer (CRC) is characterized by significant biological heterogeneity and a 393 

limited response to immunotherapy, underscoring the need for novel biomarkers that 394 

integrate multiple aspects of tumor biology. Our study identified a six-gene signature that 395 

reflects the interplay between sialylation and amino acid metabolism, effectively stratifying 396 

CRC patients into prognostically and immunologically distinct subtypes. This integrative 397 

metabolic framework provides novel insights into how metabolic reprogramming in CRC 398 

contributes to tumor progression and immune modulation, with direct implications for 399 

prognosis and therapeutic response. 400 

Emerging evidence highlights a critical link between altered amino acid metabolism and 401 

aberrant protein glycosylation, particularly sialylation. For instance, PHGDH, a key enzyme 402 

in the serine biosynthesis pathway, has been shown to interact with phosphofructokinase 403 

and regulate the hexosamine-sialic acid biosynthetic axis. Loss of this interaction leads to 404 

an increased production of sialic acid precursors, resulting in elevated sialylation of 405 

glycoproteins such as integrin αvβ3, which in turn promotes tumor cell motility and 406 

invasion[20]. Our study corroborates this metabolic-glycomic axis in CRC by identifying 407 

PHGDH, MAT2B, and ASRGL1 as core risk genes, which are co-enriched in high-risk 408 

subtypes exhibiting both elevated sialylation and amino acid metabolism signatures. These 409 

genes likely contribute to the biosynthesis of nucleotide sugars, which act as essential 410 

donors for sialyltransferase-mediated glycosylation, thereby enhancing tumor invasiveness 411 

and immune evasion. 412 

Furthermore, reprogrammed amino acid metabolism in CRC is not merely a passive 413 

reflection of proliferative demands; it actively shapes tumor biology through its influence on 414 

oncogenic signaling, epigenetic regulation, and immune modulation[21]. Enzymes such as 415 
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PHGDH and MAT2B serve as molecular switches, linking nutrient utilization to tumor-416 

promoting pathways[22, 23]. PHGDH, as a rate-limiting enzyme in serine biosynthesis, not 417 

only fuels nucleotide and redox metabolism but also regulates glycosylation precursor flux, 418 

which has been implicated in promoting metastatic traits21. Likewise, MAT2B, by 419 

modulating the methionine cycle, affects the availability of S-adenosylmethionine, a critical 420 

methyl donor that drives methylation-dependent gene regulation. This, in turn, contributes 421 

to the activation of the MEK/ERK pathway, a key signaling cascade implicated in CRC 422 

growth and survival[24]. 423 

Beyond cellular proliferation, amino acid metabolism intersects with cellular stress 424 

responses and immune modulation. PLOD3, traditionally known for its role in collagen 425 

biosynthesis, has recently emerged as a modulator of autophagy and immune signaling. It 426 

drives tumor progression through the TNF-α/NF-κB pathway, with emerging evidence 427 

indicating its role in regulating T cell activity within the metastatic microenvironment[25]. 428 

These findings underscore the multifaceted role of amino acid metabolism in CRC, 429 

revealing its impact not only on intrinsic tumor properties but also on the tumor's ability to 430 

influence immune cell dynamics. 431 

Our study further solidifies these findings by identifying PHGDH, MAT2B, PLOD3, CDO1, 432 

ASRGL1, and AOC3 as key players in CRC prognosis. These genes are involved in various 433 

metabolic pathways, including redox regulation (CDO1), glutamine metabolism (ASRGL1), 434 

and immune cell trafficking (AOC3). The high co-enrichment of these genes in high-risk 435 

subtypes suggests that metabolic circuits may influence not only tumor-intrinsic 436 

characteristics but also the immune contexture of CRC. For instance, AOC3, which is 437 

involved in the metabolism of polyamines, has been implicated in regulating immune cell 438 

trafficking, further linking metabolic alterations with immune evasion and resistance to 439 

therapy. 440 

In summary, our findings establish a conceptual framework in which amino acid metabolism 441 

serves as a central hub that integrates tumor growth, immune modulation, and therapeutic 442 

resistance in CRC. The six-gene signature identified in this study not only provides 443 

prognostic value but also offers potential therapeutic targets for metabolic intervention in 444 

CRC. By targeting metabolic pathways that influence both tumor growth and immune 445 

evasion, we can enhance the efficacy of existing therapies and develop new strategies to 446 

overcome the challenges of immunotherapy resistance in CRC. 447 
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 572 

Fig. 1 Experimental workflow of the study. Their potential relevance in colorectal cancer 573 

(CRC). Among these 360 genes, 270 showed significant differential expression between 574 

tumor and adjacent normal tissues in at least one dataset. Subsequent correlation analysis 575 

of these 270 genes revealed distinct expression patterns. Univariate Cox regression 576 

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

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

biomarkers. 579 

 580 



19 

 

 581 

Fig. 2 Characterization of sialylation and amino acid metabolism gene sets. A. Heatmap 582 

showing significant correlations between sialylation-related and amino acid metabolism–583 

related genes. B. Volcano plots of differentially expressed genes between tumor and 584 

adjacent tissues across four datasets (TCGA and three GEO cohorts). C. Forest plot of 585 

univariate Cox regression for prognostic genes in the combined cohort. D. Expression 586 

correlation heatmap of differentially expressed genes across all datasets. 587 

 588 
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 589 

Fig. 3 Molecular subtyping and functional analysis. A. NMF clustering of patients based on 590 

six prognostic genes identifies six molecular subtypes with distinct survival patterns. B. 591 

Distribution of clinical features across subtypes. C. Sankey diagram showing relationships 592 

between NMF subtypes, TCGA immune subtypes, and TCGA molecular subtypes. D. 593 

Differential gene expression between subtypes C1 and C3. E. GSEA results of upregulated 594 

and downregulated genes between C1 and C3. F. Correlation heatmap between enriched 595 

pathways and ssGSEA scores of the six prognostic genes. 596 

 597 
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 598 

Fig. 4 Single-cell and spatial transcriptomic validation. A. Cell-type annotation, AUCell 599 

scoring, and functional enrichment analysis of high- vs. low-scoring cells in scRNA-seq 600 

data. B. Spatial transcriptomic maps showing cell-type distributions and regional enrichment 601 

of functional scores. C. Correlations between functional score and epithelial, stromal, or 602 

immune features; GSEA of highscore regions. 603 

 604 
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 605 

Fig. 5 Construction of the prognostic model. A. C-index heatmap of 101 algorithm 606 

combinations across seven validation datasets. B. Time-dependent AUCs for predicting 1-, 607 

3-, and 5-year survival. C. C-index of the ffnal model across eight datasets. D. Kaplan–608 

Meier curves comparing survival between high- and low-risk groups. 609 

 610 
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 611 

Fig. 6 Comparative performance of the risk model. A. Risk score distributions across 612 

datasets. B. PCA showing separation between risk groups. C. C-index comparison of the 613 

risk score with clinical features. D. C-index comparison with 22 published prognostic models 614 

across eight datasets. 615 

 616 
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 617 

Fig. 7 Nomogram construction and evaluation. A. Univariate and multivariate Cox analyses 618 

of the risk score and clinical variables. B. Nomogram integrating the risk score and clinical 619 

factors. C. Decision curve analysis comparing models. D. Calibration plots for 1-, 3-, and 5-620 

year survival predictions. E. Survival analysis stratiffed by total nomogram score. 621 
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 623 

Fig. 8 Immune inffltration and tumor mutation burden. A. Risk score distribution across NMF 624 

subtypes; correlations with hallmark gene sets; TMB differences between risk groups. B. 625 

Immune, stromal, and ESTIMATE scores, as well as tumor purity; immune cell inffltration 626 

proffles from CIBERSORT, MCP-counter, and TIMER. 627 

 628 



26 

 

 629 

Fig. 9 Immunotherapy prediction and drug sensitivity. A. Correlations between the risk score 630 

and immune checkpoint genes; TIDE and IPS analysis in TCGA cohort. B. Survival analysis 631 

and risk score distributions in PRJEB23709 and GSE91061 immunotherapy cohorts. C. 632 

Differential drug sensitivity (IC50) between risk groups for selected compounds. 633 
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 635 

Fig. 10 Cell-cell communication differences at single-cell resolution. A. Increased signaling 636 

interactions in endothelial, epithelial, and ffbroblast cells in high-risk cells. B. Reduced 637 

signaling pathways in corresponding cell types in high-risk group. 638 
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 640 

Fig. 11 PLOD3 is upregulated in colorectal cancer and promotes tumor cell survival and 641 

clonogenicity. A. PLOD3 mRNA expression levels in PBMCs from CRC patients (n=6) and 642 

healthy controls (n=6) as determined by qRT-PCR. B. Representative western blot and 643 

quantitative analysis of PLOD3 protein expression in paired CRC tumor and adjacent 644 

normal tissues from six patients. C. Validation of stable PLOD3 knockdown in Caco-2 and 645 

HCT116 cells transduced with two independent shRNAs (shPLOD3-1, shPLOD3-2) or a 646 

non-targeting control (shNC). Protein levels were assessed by western blot. D. Western blot 647 

analysis of apoptosis-related proteins (BAX, Bcl-2) and epithelial-mesenchymal transition 648 

(EMT) markers (E-cadherin, N-cadherin, Vimentin) in control and PLOD3-knockdown Caco-649 

2 and HCT116 cells. E. Apoptosis analysis by Annexin V-FITC/PI staining and ffow 650 

cytometry in control and PLOD3-knockdown cells. F. Representative images and 651 

quantiffcation of colony formation assays in control and PLOD3-knockdown cells. 652 
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 654 

Fig. 12 PLOD3 knockdown impairs the migratory and invasive capacities of colorectal 655 

cancer cells. Representative images and quantitative analysis of wound healing assays 656 

performed in control and PLOD3-knockdown Caco-2 and HCT116 cells; Transwell migration 657 

assays. Representative images and quantiffcation of migrated control and PLOD3-658 

knockdown cells after 24 h (HCT116) or 48 h (Caco-2). Migrated cells were stained with 659 

crystal violet; Matrigel invasion assays. Representative images and quantiffcation of 660 

invaded control and PLOD3-knockdown cells after 24 h (HCT116) or 48 h (Caco-2). 661 

Invaded cells were stained with crystal violet. 662 

 663 
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