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Background

Hepatocellular carcinoma (HCC) remains one of the leading causes of cancer-related mortality worldwide, partly due to an incomplete understanding of the metabolic and immune dysregulation driving its progression. Here, we uncover a novel role of METTL1 in driving nucleotide metabolism reprogramming, which significantly modulates the tumor immune microenvironment.





Methods

Utilizing an integrated multi-omics approach, we analyzed nucleotide metabolism-related genes derived from TCGA, GEO, and ICGC datasets. Non-negative matrix factorization (NMF) clustering stratified HCC patients into distinct subgroups with varied clinical features. Weighted Gene Co-expression Network Analysis (WGCNA) identified hub genes that were subsequently used to construct robust prognostic models via multiple machine learning algorithms. These computational findings were validated through in vitro experiments, immune infiltration assessments, and single-cell RNA sequencing analysis.





Results

Our analyses demonstrate that METTL1 is markedly upregulated in HCC, driving a reprogramming of nucleotide metabolism that modulates the expression of key immune checkpoints, including PD-L1 and CTLA-4. This regulation is associated with an immunosuppressive tumor microenvironment, reduced infiltration of activated T cells, and poorer clinical outcomes. Moreover, the prognostic model integrating METTL1 expression and immune checkpoint profiles shows strong predictive performance across independent cohorts, highlighting its potential clinical utility.





Conclusion

This study highlights the innovative role of METTL1-driven nucleotide metabolism reprogramming in reshaping the immune microenvironment of HCC. The findings provide novel insights into HCC pathogenesis and pave the way for developing personalized therapeutic strategies based on targeting METTL1 and its associated metabolic pathways.
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1 Introduction

Liver cancer is the second leading cause of cancer-related mortality worldwide, with hepatocellular carcinoma (HCC) accounting for approximately 90% of cases (1). In 2020, nearly 900,000 new HCC cases were reported globally, highlighting its significant public health burden (2). China alone will have 410,000 new cases in 2020, accounting for 45.3% of new cases worldwide (3, 4), and is expected to cause more than 1.3 million deaths per year by 2040 (5). Common risk factors for HCC include viral infections such as hepatitis B and C, as well as chronic liver diseases (CLD) such as fatty liver, cirrhosis, alcoholic liver disease, and even metabolic diseases including diabetes, haemochromatosis, autoimmune hepatitis, and toxin exposure (1). Chronic hepatitis and cirrhosis from any other cause are the strongest risk factors for HCC, and despite advances in antiviral therapies for HBV and HCV-associated cirrhosis, the incidence of HCC continues to rise due to chronic alcohol consumption, dietary habits, and sedentary lifestyle factors (6). For HCC, tumor stage is an important prognostic factor, but less than 20% of HCC patients can be diagnosed at an early stage due to predictive power and other reasons (7), according to the Bridge to Better Outcomes in HCC (BRIDGE) study, 64% of advanced HCC cases in China are no longer eligible for radical treatment (8). The 5-year survival rate for local HCC was 32.6% and only 2.4% for metastatic HCC (9). For early HCC, tumor resection, local percutaneous ablation such as radiofrequency ablation, and liver transplantation are often used (10), however, the risk of recurrence is very high, with a 5-year recurrence rate of 40-70%, and there is no clear way to reduce the risk of disease recurrence (11); For advanced HCC, systemic therapy with sorafenib has been limited over the past decade (10). At present, the treatment of advanced HCC has been upgraded, and immune checkpoint inhibitor (ICI) has become a main treatment method in order to treat advanced HCC, and a large number of clinical studies still regard ICI as a part of the new combination therapy regimen for further research (6). However, considering the low sensitivity and drug resistance of ICI (12), we still need to continue to explore more reliable biomarkers and find key target genes, so as to improve the efficiency of immunotherapy and accuracy of prognosis prediction of HCC, and reduce its recurrence rate.

Nucleotides are the main components of cellular genetic material and exert a decisive influence on the synthesis of DNA and RNA, cell signaling, enzyme regulation and metabolism (13). Although numerous studies have documented metabolic reprogramming in HCC, the direct link between nucleotide metabolism and immune evasion remains poorly understood. In particular, most existing research has not clarified how alterations in nucleotide synthesis and degradation contribute to the modulation of immune checkpoints and the suppression of anti-tumor immunity. Notably, the role of METTL1—a key regulator of m7G tRNA methylation—in this context is largely unexplored. In this study, we aim to fill this critical gap by investigating how METTL1-driven reprogramming of nucleotide metabolism influences immune checkpoint expression and promotes an immunosuppressive microenvironment in HCC. The synthesis and excessive use of nucleotide triphosphate and its deoxidation products have been shown by a very large number of experiments to be common characteristics of cancer cells, which may play a strong role in promoting various malignant manifestations of cancer cells, such as uncontrolled proliferation, immune escape, and drug resistance, which means that the process of nucleotide metabolism may become a good entry point for tumor treatment. In addition, recent studies have shown that abnormal nucleotide metabolism may also alter the immune response of the tumor microenvironment (TME), further promoting the immune escape and drug resistance of the tumor (14). There are two synthesis pathways of purine and pyrimidine nucleotides: de novo synthesis and remedial synthesis. Many oncogenes have been shown to play a role in the synthesis process, such as KRAS, PI3K, MYC and other gene mutations can improve the activity of key enzymes in de novo pathway and promote the expression of key enzymes (15). In the process of nucleotide degradation, the inactivation or silencing of SAM domain and HD domain-containing 1 (SAMDH1) will prevent the degradation of nucleotides, thereby increasing the nucleotide content in the body (15), the occurrence and development of HCC, breast cancer, and gastric cancer can be led to by the downregulation of xanthine dehydrogenase (XDH) (16), and dihydropyrimidine dehydrogenase (DPYP), as a rate-limiting enzyme of pyrimidine degradation, plays a crucial role in the epithelial-mesenchymal transformation (EMT) of tumor cells and cancer progression (17). However, in the process of developing antitumor drugs related to inhibition of nucleotide synthesis, researchers often use analogues of nucleotide metabolites to inhibit cellular nucleotide metabolism, but this lacks specificity for cancer cells, and may inhibit normal cell metabolic processes and cause adverse reactions (13), although the research on nucleotide metabolism-related drugs for the treatment of HCC has been gradually carried out, we still need to further explore them, and find new targets for the diagnosis, treatment and prognosis of HCC.

In this study, we hypothesize that METTL1 plays a pivotal role in reprogramming nucleotide metabolism and modulating the tumor immune microenvironment in HCC. Accordingly, our objectives were to (1) evaluate the expression and prognostic significance of METTL1 in HCC (2), elucidate its impact on key metabolic pathways and immune checkpoint regulation, and (3) develop a robust prognostic model integrating multi-omics data and advanced machine learning approaches. By addressing these questions, our study aims to uncover the mechanisms underlying METTL1-mediated immune evasion and provide a foundation for the development of targeted therapeutic strategies in HCC.




2 Materials and methods



2.1 Gathering and preparation of data for analysis

To obtain bulk RNA-sequencing (Bulk RNA-seq) data from HCC patients, we downloaded the TCGA-LIHC dataset from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov) using the “TCGAbiolinks” R package. In addition, we retrieved the GSE14520 and GSE76427 datasets from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) using the “GEOquery” R package. Furthermore, we obtained the ICGC-JP dataset from the International Cancer Genome Consortium (ICGC, https://dcc.icgc.org/) and incorporated single-cell RNA-sequencing (scRNA-seq) data from Liu et al. (Journal of Hepatology, DOI: 10.1016/j.j.Hep 2023.01.011) to enrich our study. Moreover, we downloaded metabolism-related gene sets—including those for nucleotide metabolism, amino acid metabolism, glycolysis, and lipid metabolism—from The Molecular Signatures Database (MsigDB, https://www.gsea-msigdb.org/gsea/) using the “msigdbr” R package. For all RNA-seq datasets obtained from TCGA, GEO, and ICGC, rigorous quality control (QC) procedures were applied prior to downstream analysis. Raw count data were initially processed to remove low-quality reads and samples with excessive missing values. To ensure comparability among datasets generated from different platforms and centers, batch effects were corrected using the ComBat function implemented in the sva R package. This method adjusts for technical variations while preserving the underlying biological signal. Furthermore, normalization was performed using the TMM (trimmed mean of M-values) method from the edgeR package to standardize library sizes across samples. These combined QC and batch-effect correction steps were essential for constructing an integrated and reliable dataset for subsequent analyses.




2.2 Molecular typing and correlation analysis

Based on nucleotide metabolism genes, we used Non-negative Matrix Factorization (NMF) algorithm to perform dimensionality reduction clustering on TCGA-LIHC. And generate line charts of cophenetic, dispersion, evar, residuals, residual sum of squares (RSS), silhouses, sparseness as the rank value changes from 2 to 10. The above line chart is comprehensively analyzed to determine the selection of the best rank value. To determine the optimal number of clusters (k) in our NMF analysis, we evaluated multiple quantitative metrics across k values ranging from 2 to 10. In particular, we assessed the cophenetic correlation coefficient, dispersion, residual sum of squares (RSS), and silhouette values. We observed that at k=2, the cophenetic correlation reached a local maximum, and the consensus matrix exhibited clear, well-defined block-diagonal structures, indicating high cluster stability. Additionally, the silhouette scores for k=2 were significantly higher compared to other k values, reflecting robust separation between the clusters. Based on these specific indicators, we selected k=2 as the optimal number of clusters for further analysis.

The matrix heat map was used to visualize the optimal partitioning results. Next, we evaluated and compared the clinical characteristics of patients across different nucleotide metabolic subsets. Specifically, we performed Kaplan-Meier (KM) survival analysis to demonstrate the differences in prognosis among the patient clusters using survival curves. Differences in overall age among the clusters were compared and visualized with box plots, and the distribution of tumor stages (stage I-IV) was presented using bar plots.

To analyze the crosstalk between nucleotide metabolism subsets and the three classical metabolic pathways (glycolysis, amino acid metabolism, and lipid metabolism), we identified metabolism-related genes that were significantly differentially expressed between the nucleotide metabolism subsets. Heat maps were generated to visualize the gene expression patterns. Additionally, we explored differences in functional pathways between the nucleotide subsets using Gene Set Enrichment Analysis (GSEA) to identify pathways that were upregulated or downregulated in each subset.




2.3 Weighted gene co-expression network analysis and multi-machine learning model building (prognostic model construction)



2.3.1 Model building via WGCNA and machine learning

We used the “WGCNA” R package to perform weighted gene co-expression network analysis. First, we preprocessed the data to exclude genes expressed at low levels or with minimal variation across samples, ensuring a robust scale-free network. Next, we constructed a correlation matrix and applied a power function to convert it into an adjacency matrix. The optimal soft threshold (β) was determined based on two criteria (1): achieving scale-free topology characteristics and (2) maintaining appropriate connectivity or sparsity. We visualized the trend of the scale-free topology model fit and average connectivity as the soft threshold changed, and selected the best threshold accordingly. Based on this, we constructed the Topological Overlap Matrix (TOM). Subsequently, we built a gene co-expression network and employed the Dynamic Tree Cut algorithm to partition the network into distinct modules, generating corresponding cluster trees. We then analyzed the correlation between these modules and clinically relevant indicators (age, stage, survival status, OS time) as well as nucleotide metabolism subsets, with the results visualized in a module-feature relationship heat map. Hub genes were extracted from the modules most strongly associated with nucleotide metabolism subsets based on gene significance (GS) > 0.4 and module membership (MM) > 0.6. Finally, we performed Gene Ontology (GO) enrichment analysis on the genes within the co-expression modules and visualized the top five GO terms for each module using bar charts.




2.3.2 Prognostic model construction and model validation

A prognostic prediction model was constructed based on the hub genes identified above. We employed the “Mime” package to integrate 10 different algorithms, resulting in 101 machine learning model combinations. Using TCGA-LIHC (Dataset1) as the training set and GSE14520 (Dataset2), GSE76427 (Dataset3), and ICGC-JP (Dataset4) as validation sets, we input the hub genes into the machine learning pipeline, calculated the C-index for all four datasets, and selected the combination with the highest average C-index across all cohorts as the final model. The predictive performance of this model was then verified using multiple datasets. We divided the datasets into two risk groups based on the median risk score and compared their prognoses using Kaplan-Meier survival curves. Time-dependent Receiver Operating Characteristic (ROC) curves were generated using the 1-, 3-, and 5-year survival rates; an area under the curve (AUC) > 0.6 was considered indicative of good predictive performance. Finally, we performed a meta-analysis of univariate Cox regression to comprehensively assess the efficacy of the prognostic model. To ensure the robustness and generalizability of our prognostic model, we employed a 5-fold cross-validation strategy for each dataset. In this approach, the dataset was randomly divided into five equal parts. In each iteration, four parts were used for training and the remaining part was used for testing. This process was repeated until each fold had served as the test set exactly once. Performance metrics, including the concordance index (C-index) and time-dependent ROC values, were then averaged across the five folds. This rigorous cross-validation procedure minimized potential overfitting and validated the model’s predictive power across the TCGA, GEO, and ICGC cohorts. Moreover, the same procedure was applied within our integrated machine learning pipeline to compare and select the optimal candidate model based on the highest average C-index.





2.4 Differences in expression profiles of risk groups

By generating a Sankey diagram, we visualized both the distribution of the two risk groups across the different nucleotide metabolic subsets and the distribution of risk groups according to patient survival (Alive and Death). Next, we analyzed the differences in gene expression between the risk groups. Genes with log2FoldChange > 0.5 and adjusted P-value < 0.05 were considered significantly differentially expressed, and these DEGs were visualized using a volcano plot. Additionally, we compared and visualized the differences in the activity of classical cancer-related pathways and model gene expression levels between the risk groups using heat maps. We also employed a butterfly plot to illustrate the differences in the activity of apoptosis-related and proliferation-related genes between the risk groups. Moreover, we analyzed the mutations in the two groups by generating waterfall plots to display the top 10 genes with the highest mutation rates, as well as the mutation types (single nucleotide polymorphisms) for these genes. Finally, we calculated enrichment scores for 13 classical tumor pathways and analyzed their correlations with risk scores, with the results visualized in correlation heat maps.




2.5 Analysis of the correlation between risk score and immune microenvironment

We used the “IOBR” R package, which incorporates several TME parsing algorithms (CIBERSORT, EPIC, MCP, quanTIseq, TIMER, and xCell), to analyze immune infiltration in the TCGA-LIHC dataset. We quantified the relative abundance of 22 immune cell types in the two defined risk groups and visualized the results with box plots. We also examined the correlation between immune cell infiltration and the risk score using these six algorithms. In addition, the ESTIMATE algorithm was applied to evaluate the relative levels of immune and stromal components in different risk groups, with ImmuneScore and StromalScore differences visualized using box plots. Furthermore, immunophenotype scores (IPS) for TCGA-LIHC samples, downloaded from the TCIA database (https://tcia.at/home), were used to predict patient responses to immune checkpoint inhibitors (anti-CTLA-4 and anti-PD-1). IPS were categorized into four types: ips_ctla4_pos_pd1_pos, ips_ctla4_pos_pd1_neg, ips_ctla4_neg_pd1_neg, and ips_ctla4_neg_pd1_pos. The differences in IPS between the two groups are displayed in the figure.




2.6 Single cell analysis

We downloaded single-cell data from patients after ICB treatment from the Journal of Hepatology and performed a single-cell analysis. The UMAP algorithm was used to reduce the high-dimensional single-cell data to two dimensions, allowing us to identify multiple cell clusters under a specific resolution. UMAP visualizes the distribution of these clusters and highlights differences between two ICB response groups: non-response (NR) and response (R). Using cell annotation information from the literature, we classified cells into several major cell types, and their distribution was visualized on the UMAP map. Next, we compared the NR and R groups and found differences in the composition and proportion of cell types. We also used the AddModuleScore function in the “Seurat” package to score the expression levels of model genes in different treatment response groups. The distribution of the signature score was shown on the UMAP, and a box plot was used to compare the overall signature score between the two groups. Subsequently, we ranked the different cell types in descending order according to the signature positive ratio, and the results were displayed in a bar chart. To specifically analyze the activity differences of the model genes between NR and R groups, we generated heat maps to display their expression profiles. Finally, we divided all cells into high and low score groups based on the median signature score, used GSEA to identify functional pathways that were significantly upregulated or downregulated in the high-score group, and plotted bubble maps accordingly.




2.7 Correlation analysis of single gene METTL1 and immune landscape

We analyzed the effects of single-gene METTL1 on the immune landscape across multiple cancer types. First, we calculated the correlation coefficients between METTL1 and five types of immunoregulatory factors (receptors, chemokines, immunoinhibitors, immunostimulators, and MHC molecules) in 33 cancer types and visualized the results in a heat map. Next, we performed a multi-cancer analysis to examine the correlations between METTL1 and four immune checkpoints—CD274 (PD-L1), CTLA-4, LAG-3, and PDCD1 (PD-1)—using Pearson correlation (r) as the metric. In addition, we investigated the relationship between METTL1 and the infiltration levels of 28 immune cell subtypes, quantifying immune cell abundance with the ssGSEA method and presenting the correlations in heat maps.

Furthermore, we specifically analyzed the association of METTL1 with various immune features in Liver Hepatocellular Carcinoma (LIHC). First, patients were divided into high and low METTL1 expression groups, and the activity levels of the five types of immunomodulators were compared between these groups using heat maps. We then compared the degree of gene enrichment at each stage of the anticancer immunity cycle between the two METTL1 status groups, with the differences clearly visualized in box plots. Next, we quantified and visualized the expression levels of effectors associated with five tumor-infiltrating immune cell types (dendritic cells, CD8+ T cells, macrophages, Th1 cells, and NK cells) in these subgroups. Finally, we analyzed the correlation between METTL1 and 24 immunosuppressive molecules, and the results were visualized using a correlation pie chart.




2.8 Cell culture and RT-qPCR

Human hepatocellular carcinoma cell lines (HepG2, Hep3B, Huh-7) and a normal human liver cell line (LX2) were purchased from ATCC (Manassas, VA, USA) and cultured in DMEM medium (Solarbio, Beijing, China) supplemented with 10% FBS and 1% penicillin-streptomycin. Total RNA was isolated using TRIzol reagent (Invitrogen, Carlsbad, CA, USA), and genomic DNA was removed using the gDNA Remover kit. Subsequently, RNA was reverse-transcribed into cDNA using the ReverTra Ace qPCR RT Master Mix. Real-time quantitative PCR (qPCR) was performed using SYBR Premix Ex Taq II on the Mx3005P real-time fluorescence quantitative PCR system (Stratagene, San Diego, CA, USA). GAPDH was used as an endogenous control for mRNA normalization. The reaction conditions were as follows: initial denaturation at 95°C for 10 minutes, followed by 45 cycles of denaturation at 95°C for 5 seconds and annealing at 60°C for 30 seconds. Amplification of target genes and the internal reference gene was performed separately for each sample, with three replicate wells per sample group. Data were analyzed using the 2^-ΔΔCt method. The primer sequences are shown in Table 1.


Table 1 | Primer sequences used for qPCR analysis (5’ → 3’).






2.9 Statistical analysis

Our statistical analysis is based on the software R.4.3.1. Unless otherwise stated, the production of pictures is achieved by the “ggplot” software package. The KM survival curve was used to analyze survival, as well as we evaluated the ROC curve using the AUC. The p value was used to determine whether the difference was statistically significant, *: p < 0.05; **: p < 0.01; ***: p < 0.001.





3 Results



3.1 Typing analysis and correlation assessment

The workflow for this article is shown in Figure 1.




Figure 1 | Workflow of the study.



First, we successfully reduced the dimension of TCGA-LIHC by NMF algorithm. Comprehensive evaluation criteria of cophenetic, dispersion, evar, residuals, residual sum of squares (RSS), silhouses, sparseness, We obtained the optimal rank value to achieve molecular typing (Figure 2a). At the same time, based on the principle of “high cohesion, low coupling”, we selected k=2 to obtain the consistent score matrix of all samples, and successfully obtained two nucleotide metabolic subgroups C1 and C2. This further demonstrates the powerful power of NMF clustering (Figure 2b). The survival difference within the two subpopulations is shown by the KM survival curve, with C1 having a worse prognosis (p=0.00065, Figure 2c). Subsequently, we compared and analyzed the overall age difference between the two subpopulations, and found that the overall age of C1 was significantly higher than that of C2 (p<0.05, Figure 2d). The bar chart’s results showed that the clinical stage of C1 was biased towards late stage, while that of C2 group was mainly concentrated in early stage, which confirmed the results of survival analysis (p<0.001, Figure 2e).




Figure 2 | Nucleotide metabolism subclusters and prognosis in TCGA-LIHC. (a) Cophenetic distributions, residual sum of squares (RSS), and dispersion indices for ranks 2–10. (b) Consensus map from non-negative matrix factorization clustering (K = 2). (c) Overall Kaplan-Meier survival curves for both subclusters. (d) The age distribution between two subclusters. (e) The stage distribution between two subclusters.



Next, to explore the two subgroups’ metabolic characteristics and differences, we selected three classical metabolic pathways (glycolysis, amino acid metabolism, and lipid metabolism) and compared the metabolism-related genes with significant differences in expression between different subgroups and visualized them with heat maps. It was observed that the gene expression levels’ distribution in these three metabolic pathways of those two subpopulations was similar, and most of the genes related to C1 showed relatively low expression (Figures 3a–c). In addition, we used GSEA to assess the differential pathways between the two subpopulations. All these results showed that C1 was down-regulated in Ribosome, Antigen Processing And Presentation, Cell Cycle, IL-17 Signaling Pathway and other pathways. In Peroxisome, Glycine, Fatty Acid Degradation, Ppar Signaling Pathway, Serine And Threonine Metabolism, Bile Secretion, Chemical carcinogenes-DNA Adducts were up-regulated (p<0.001, Figures 3d, e).




Figure 3 | Crosstalk between nucleotide metabolism subclusters and key metabolic pathways. (a) Differences in glycolysis-related genes between subclusters. (b) Differences in amino acid metabolism-related genes between subclusters. (c) Differences in lipid metabolism-related genes between subclusters. (d) Gene set enrichment analysis (GSEA) reveals pathways downregulated in subtype C1 relative to C2. (e) GSEA reveals pathways upregulated in subtype C1 relative to C2.






3.2 Model construction and model verification based on WGCNA

We applied WGCNA to identify key gene modules associated with nucleotide metabolism and clinical indicators. The optimal soft threshold (β = 7) was chosen based on scale-free topology and moderate connectivity (Figure 4a). We made a cluster tree diagram of the co-representation module to show the clustering levels and effects (Figure 4b). Consensus clustering identified five modules, with the MEblack module showing a significant correlation with clinical features (age, stage, survival status, OS time) and nucleotide metabolism subsets (p<0.05; Figure 4c). Hub genes from the MEblack module were then selected for further analysis (Figure 4d), and GO enrichment analysis revealed that each module was enriched in distinct biological pathways—for example, Module_red in lipid metabolism, Module_blue in small molecule catabolism, Module_green in immune-related processes, and Module_black in cell division (Figure 4e).




Figure 4 | Models Construction based on nucleotide metabolism subclusters. (a) Analysis of network topology for different soft-threshold power. The left panel shows the impact of soft-threshold power (power = 7) on the scale-free topology fit index; the right panel displays the impact of soft-threshold power on the mean connectivity. (b) Cluster dendrogram of the coexpression modules. Each color indicates a co-expression module. (c) Module-trait heatmap displaying the correlation between module eigengenes and clinical traits. (d) Correlation between module membership and gene significance in the black module. Dots in color were regarded as the hub genes of the corresponding module (MM > 0.6 & GS > 0.4). (e) Top five enriched GO terms of module genes in each module except for the grey. (f) A total of 101 kinds of prediction models fitted in TCGA-LIHC (Dataset1) and verified in the other three validation cohorts (GSE14520 [Dataset2], GSE76427 [Dataset3], and ICGC-JP [Dataset 4]). The model was ordered by the average of the C-index of validation datasets. The optimal model developed by “StepCox[forward] + Enet[α=0.1]” was utilized in subsequent analyses. (g) Survival differences between two groups in the four datasets. (h) Time-dependent ROC analysis of the model in the four datasets. (i) Meta analysis of univariate Cox regression across the four datasets.



Using these hub genes, we developed 101 prognostic models by integrating 10 machine learning algorithms with TCGA-LIHC as the training set and GSE14520, GSE76427, and ICGC-JP as validation sets. The “StepCox[forward] + Enet[α=0.1]” model, which achieved the highest average C-index, was selected as the final prognostic model (Figure 4f). Patients were stratified into high- and low-risk groups based on the median RiskScore. Kaplan-Meier survival curves demonstrated significantly lower survival in the high-risk group in TCGA-LIHC, GSE14520, and ICGC-JP (p<0.001; Figure 4g), while ROC curves confirmed good predictive efficiency (AUC > 0.6 for 1-, 3-, and 5-year survival; Figure 4h). A meta-analysis of univariate Cox regression further supported the model’s robust prognostic performance (Figure 4i).




3.3 Differences in expression profiles of risk groups

The distribution of high- and low-risk groups across different nucleotide metabolism subsets and survival samples (Alive and Death) was visualized using Sankey diagrams. It is not difficult to find that most of the low-risk groups are distributed in C2, and only a few of C2 are dead samples. Sankey diagrams revealed that most low-risk patients are distributed in nucleotide metabolism subset C2—with few dead samples—whereas high-risk patients predominantly belong to C1 and exhibit a worse prognosis (Figure 5a). Differential expression analysis showed that genes such as RAD54L, MYBL2, and CDC20 are significantly overexpressed in the high-risk group, while ADRB1, ALDH2, and CFHR4 are downregulated (Figure 5b). Furthermore, classical cancer-related pathways, notably Hypoxia and PI3K, display higher activity in the low-risk group (Figure 5c), and heat maps confirmed that model gene expression is generally elevated in the high-risk group (Figure 5d). The butterfly diagram further illustrated the correlations between risk scores and genes involved in cell proliferation and apoptosis (Figures 5e, f). Mutation analysis indicated that TTN is commonly mutated in both groups, with TP53 mutations being more prevalent in the high-risk group (Figure 5g). Finally, correlation heat maps revealed a significant negative correlation between risk scores and the NFκB/TNF-α pathways, and a strong positive correlation between EGFR and pathways such as Hypoxia, JAK-STAT, and TNF-α (Figure 5h).




Figure 5 | Associations between risk scores, clinical features, and oncogenic pathways in TCGA-LIHC. (a) Distribution of risk groups among nucleotide metabolism subclusters and survival samples. (b) Differential genes between risk groups. (c) Activity differences in classic cancer-related pathways between risk groups. (d) Relationships between risk groups and model gene expression levels. (e) Correlation of risk scores with apoptosis-related genes. (f) Correlation of risk scores with cell proliferation-related genes. (g) Distribution of the top 10 genes with the highest mutation frequencies across different risk groups. (h) Correlation of risk scores with enrichment scores of different classic tumor pathways.






3.4 Correlation analysis between risk score and immune microenvironment

The boxplot shows that among all statistically significant scoring items, for the two nucleotide metabolism subgroups, the infiltration levels of Macrophages_M0, T_cells_follicular_helper, and T_cells_regulatory_(Tregs) are higher in subgroup C1 compared to subgroup C2. For all other immune cell infiltrations, the levels are significantly higher in subgroup C2 than in subgroup C1 (p<0.05). Furthermore, the differences in immune cell infiltration levels vary between different risk groups. Specifically, the infiltration level of Macrophages_M0 is significantly higher in the high-risk group compared to the low-risk group, while the infiltration level of T_cells_CD4_memory_resting is significantly lower in the high-risk group compared to the low-risk group (p<0.05, Figures 6a, b). In addition, we explored the correlation of risk scores with various immune cells using six different algorithms (Figure 6c). By quantifying scores, we compared the relative levels of immune and matrix components between different risk groups. It can be found that the ImmuneScore of the high-risk group was higher than that of the low-risk group and the StromalScore was lower than that of the low-risk group (p<0.05, Figure 6d). According to the nimbus map, based on the IPS differences in the treatment effectiveness of CTLA-4 and PD-1 inhibitors, we found that the IPS scores of the low-risk group were higher than those of the high-risk group (Figure 6e).




Figure 6 | Investigation of the correlation between risk score and the immune microenvironment of TCGA-LIHC. (a, b) Differences in infiltration levels of 22 immune cell types between nucleotide metabolism subclusters and between risk groups. (c) Correlation of risk scores with various immune cells as revealed by six different algorithms. (d) Differences in tumor microenvironment scores between different risk groups as revealed by the ESTIMATE algorithm. (e) Differences in IPS scores predicting effectiveness of PD-L1 or CTLA-4 inhibitor treatments between different risk groups. IPS score of each TCGA-LIHC sample was acquired from the TCIA (https://tcia.at/home) In the figure, “*”, “**”, and “***” indicate p < 0.05, 0.01, and 0.001 respectively, while NS denotes no significant difference.






3.5 Single cell analysis

By using UMAP dimensional-reduction clustering algorithm, immunochemotherapy treated scRNA-seq cohort was divided into multiple clusters (Figures 7a–c). Subsequently, the comparison of cell type abundance between the NR group and the R group showed that the proportion of Exhausted CD8T cell subsets in the NR group was significantly higher than that in the R group, while Vein/Capillary Vein accounted for a very small proportion in both groups (Figure 7d). Then, AddModuleScore was used to score each cell. We not only showed the distribution of signature score with the UMAP, but also combined with the boxplot results. It was found that the score of the NR group was significantly higher than that of the R group (Figures 7e, f). In addition, we also found that the signature positive ratio varies among cell types, Proliferating_HCC cell subgroup is the highest (92.2%) and the Pro-inflammatory_Monocyte cell subgroup is the lowest (30.4%, Figure 7g). Heat map results showed that there were significant differences in the distribution of model gene scores between the NR group and the R group (Figure 7h). Finally, we divided all cells into high-low groups based on the median score and used GSEA to assess the difference pathways between the two groups. It was found that the high-score group was up-regulated in Parkinson disease, Huntington disease, Pathways of neurodegeneration-multiple diseases, etc. Down-regulated in Chemokine signaling pathway, PI3K-Akt signaling pathway, NOD-like receptor signaling pathway and other pathways (Figure 7i).




Figure 7 | Single-cell analysis of risk score in immunochemotherapy treated scRNA-seq cohort. (a–c) UMAP visualization the public liver cancer scRNA-seq cohort treated with immunochemotherapy. (d) Differences in the abundance of cell types across different groups. (e) Distribution of the signature scores between groups. The signature score was calculated by the AddModuleScore() function implemented in the Seurat package based on the genes derived from the model from the machine-learning pipeline. (f) The signature scores of each patient between two different groups. (g) The positive ratio of the signature across each cell type. (h) The differences in the abundance of signature genes between different groups in all patients. (i) GSEA reveals significantly altered pathways in cells with high signature scores compared to those with low scores.






3.6 Correlation analysis of single gene METTL1 and immune landscape

We analyzed the single gene METTL1 at the pan-cancer level to assess its predictive power and biological significance in multiple cancers. We first calculated the correlation coefficients between METTL1 and 5 types of immunoregulatory factors (receptors, MHC, immunostimulator, immunoinhibitor, chemokine) in 33 types of cancer. It was found that most of the immunomodulators in LIHC were strongly correlated with METTL1 (Figure 8a). Then, we conducted a multi-cancer analysis on the correlation between the four immune checkpoints CD274 (PD-L1), CTLA-4, LAG-3, and PDCD1 (PD-1) and METTL1, and LIHC also showed a strong correlation with them (Figure 8b). By using ssGSEA to quantitatively score the infiltration levels of 28 tumor-associated immune cells, we also explored the correlation between 33 cancers and them (Figure 8c). These results all reveal the immunological relevance of METTL1 at the pan-cancer level.




Figure 8 | Influence of METTL1 on immune landscapes in pan-cancer. (a) Association of METTL1 with various immunoregulators (including receptors, MHC molecules, immunostimulators, and chemokines). (b) The associations between METTL1 and four immune checkpoints: CD274 (PD-L1), CTLA-4, LAG-3, and PDCD1 (PD-1), with dots representing various cancer types. (c) Relationship of METTL1 with infiltration levels of 28 tumor-associated immune cells, as analyzed by the ssGSEA method. The correlation strength is depicted by color intensity. Statistically significant correlations, determined through Pearson correlation analysis, are marked with asterisks. *P < 0.05; **P < 0.01.



Next, our research focuses on exploring the relationship between METTL1 and different immune characteristics in the context of LIHC. First, we divided the TCGA-LIHC dataset into high and low groups based on the expression level of METTL1. By observing the heat map, it can be found that the expression of immune modulator molecules is significantly different between the two groups (Figure 9a). Then, we evaluated the gene enrichment degree at each stage of the anti-cancer immunity cycle in the high and low expression groups, and found that the low expression group was significantly higher than the high expression group at any stage (p<0.05, Figure 9b). We also used heat maps to show the expression difference of related effector in 5 tumor-infiltrating immune cells (CD8_T_cell, Dendritic_cell, Macrophage, NK_cell, Th1_cell) between the two groups. It was found that the low expression group was relatively generally lower than the high expression group (Figure 9c). Finally, we analyzed the correlation between METTL1 and 24 immunosuppressive molecules (Figure 9d).




Figure 9 | Impact of METTL1 on the TME in TCGA-LIHC. (a) Expression differences of immunoregulators (as identified in Figure 8a) between the high- and low-METTL1 expression groups in TCGA-LIHC. (b) Variations in the stages of the cancer immunity cycle for high versus low METTL1 expression groups. (c) Association of METTL1 with the expression of effector genes of five types of tumor-infiltrating immune cells: CD8+ T cells, DCs, macrophages, NK cells, and Th1 cells, determined by the six TME decoding algorithms. (d) Expression differences in effector genes of these immune cells between the high- and low- METTL1 groups. Asterisks denote the significance levels as determined by the Mann-Whitney U test. ns, not significant; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.



Given the role of METTL1 across multiple analyses, we sought to validate its expression in vitro using cell lines. By RT-qPCR, we found that METTL1 mRNA was significantly upregulated in hepatocellular carcinoma cells compared to normal liver cells (p < 0.001, Figure 10). Notably, our pan-cancer analysis revealed a significant positive correlation between METTL1 expression and the levels of immune checkpoints such as PD-L1 (CD274) and CTLA-4 in HCC. In the TCGA-LIHC cohort, patients with high METTL1 expression also exhibited elevated expression of these inhibitory molecules, suggesting that METTL1 may drive immune evasion by upregulating immune checkpoints. These findings indicate that METTL1-mediated modulation of checkpoint expression plays a critical role in shaping the tumor immune microenvironment.




Figure 10 | RT-qPCR showed that METTL1 was highly expressed in hepatocellular carcinoma cells. In the figure, ***, **** denote statistical significance levels indicating p < 0.001 and p < 0.0001, respectively.







4 Discussion

HCC remains a formidable clinical challenge, with low survival rates and limited efficacy of current treatments such as immune checkpoint inhibitors. Although the risk factors for HCC have been well documented, these persistent clinical challenges underscore the urgent need for novel therapeutic targets. Given the critical role of nucleotide metabolism in both tumor progression and immune modulation, our study focused on nucleotide metabolism-related genes as a foundation for constructing a prognostic model. Our study addresses a significant knowledge gap by demonstrating that reprogramming of nucleotide metabolism—driven by METTL1 overexpression—not only supports tumor growth but also plays a pivotal role in HCC immune evasion. While previous research has primarily focused on general metabolic dysregulation in HCC, the specific mechanisms linking nucleotide metabolism to immune checkpoint regulation have remained unclear. Our data indicate that METTL1 upregulates key immune inhibitory molecules, such as PD-L1 and CTLA-4, thereby contributing to an immunosuppressive microenvironment and facilitating immune escape. These findings highlight the previously unexplored role of METTL1 in coordinating metabolic and immune regulatory networks and underscore its potential as a novel therapeutic target to reverse immune suppression in HCC.

Our molecular typing revealed two distinct HCC subgroups (C1 and C2), with C1 displaying lower overall metabolic activity, older patient age, and more advanced disease—a pattern that underscores the link between altered metabolism and worse clinical outcomes. This subgroup also showed downregulated pathways related to ribosome synthesis, cell proliferation, and immune response, while pathways involved in lipid and amino acid metabolism were upregulated, highlighting the complex interplay between metabolic adaptations and tumor behavior. By leveraging WGCNA, we identified key gene modules closely tied to nucleotide metabolism and prognosis, which aligns with growing evidence that dysregulated metabolic pathways can drive aggressive phenotypes in HCC. The successful application of multiple machine learning algorithms to derive a robust prognostic signature—validated across four independent cohorts—further indicates the clinical relevance of our approach. These findings not only emphasize the value of combining transcriptomic clustering with network analysis but also suggest that defining tumor subtypes by metabolic and immunological features may enhance risk stratification and inform targeted therapeutic strategies in HCC.

We analyzed and compared the diversity of expression profiles between risk groups. By analyzing Sankey’s chart, we found that the low-risk group was mainly distributed in C2 and survival samples, while the high-risk group was mainly distributed in C1 and had a worse prognosis, which was consistent with the results of the previous study. Subsequently, we performed differential expression analysis and found that RAD54L, MYBL2, CDC20 and other genes were significantly overexpressed in the high-risk group. Among them, RAD54L is a member of the SWI2/SNF2 chromatin remodeling protein family (18, 19), which is involved in promoting the development of various tumor types (20). MYBL2 (alias B-Myb) is a transcription factor in the MYB family of transcription factors that is a physiological regulator of cell cycle progression, cell survival, and cell differentiation (21). MYBL2 is also overexpressed in many cancer entities and associated with poor prognosis (22). Cell Division cycle protein 20 (Cdc20) is a member of the cyclin family (23), overexpressed in various cancer stem cells and malignant tumors such as hepatocellular carcinoma (24), may affect cell growth and tumorigenesis when its function is abnormal (25, 26). The high-risk group had lower activity in classical cancer-related pathways and higher expression levels of model genes. In the high-risk group, TP53 had the highest mutation frequency, and in the low-risk group, CTNNB2 and TTN had the highest mutation frequency, both of which were dominated by missense mutations. Risk scores were positively associated with most of the 14 classical cancer-related pathways, with the strongest positive correlation with Hypoxia.

Then, our immune microenvironment analysis suggests that high-risk tumors harbor greater infiltration of immunosuppressive cell subsets (e.g., Tregs, exhausted CD8^+ T cells), potentially explaining their poorer outcomes and reduced responsiveness to immunotherapies. Single-cell profiling provides further insight by demonstrating that non-responder samples exhibit elevated signature scores associated with aggressive tumor phenotypes, as well as enrichment of pathways implicated in immunosuppression and diminished immune recognition. These observations underscore a critical interplay between the tumor’s intrinsic molecular alterations and its extrinsic immune landscape—both of which converge to foster an environment conducive to immune escape. Consequently, our findings highlight the need for therapeutic strategies that not only target oncogenic drivers but also address the complex immunosuppressive mechanisms at play in high-risk HCC.

Finally, we analyzed the effects of METTL1 on the immune landscape. Methyltransferase-like protein-1 (METTL1) is a component of the m7G tRNA methyltransferase complex (27). The expression level of METTL1 is significantly up-regulated in HCC and negatively correlated with the survival rate of HCC patients. Mettl1 can also promote the development and progression of HCC by mediating m7G tRNA modification (28). Therefore, METTL1 and m7G modifications can be used as biomarkers or potential intervention targets to participate in improving early diagnosis and treatment of tumors (29). In addition, the METTL1-TGF-β2-PMN-MDSC axis may help restore anti-tumor immunity and prevent HCC recurrence after radiofrequency (RFA) treatment (30). Pan-cancer analyses highlight METTL1’s immunomodulatory impact, especially in HCC, where it correlates with checkpoint molecules (e.g., PDCD1, CTLA4) and immunoregulatory factors—potentially fostering immune escape. In vitro assays confirm METTL1 upregulation in hepatocellular carcinoma cells, underscoring its oncogenic and immunosuppressive roles. These observations, in line with broader evidence linking m7G modifications to tumor progression, suggest that METTL1 may serve as both a prognostic marker and a therapeutic target. Inhibiting METTL1 activity or detecting METTL1-related RNAs in peripheral blood could offer promising strategies to limit tumor growth and enhance immunotherapy efficacy in HCC.

In addition to driving nucleotide metabolism reprogramming, our study shows that METTL1 significantly influences the tumor immune microenvironment by regulating key immune checkpoints, such as PD-L1 and CTLA-4. The observed positive correlation between METTL1 and these checkpoints suggests a mechanism by which METTL1 contributes to immune evasion in HCC. By upregulating inhibitory checkpoint molecules, METTL1 may diminish the activation and infiltration of cytotoxic T cells, thereby facilitating tumor progression and resistance to immunotherapy. This dual role not only reinforces the prognostic value of METTL1 but also supports its potential as a therapeutic target. Targeting METTL1 could simultaneously disrupt aberrant metabolic pathways and reverse immune suppression, paving the way for more effective combination therapies in HCC.

Recent studies have not only highlighted the oncogenic role of METTL1 in hepatocellular carcinoma (HCC) but have also drawn attention to other components of the m7G-modifying complex. For instance, WDR4—the obligate binding partner of METTL1—has been reported to be overexpressed in HCC and contributes to tumor progression through its role in m7G tRNA methylation (31). Although both METTL1 and WDR4 are essential for catalyzing m7G modifications, emerging evidence suggests that their individual contributions might differ. Our multi-omics analysis reveals that METTL1 overexpression not only reprograms nucleotide metabolism but also significantly remodels the tumor immune microenvironment via upregulation of key immune checkpoints such as PD-L1 and CTLA-4. This dual functionality underscores a potentially more central or distinct role of METTL1 compared to its partner enzymes. In contrast, while studies on WDR4 predominantly focus on its role in promoting tumor cell proliferation and protein translation efficiency, the present study provides new insights into how aberrant m7G modification—mediated primarily by METTL1—can drive immune evasion. Such differences highlight the necessity to further dissect the individual and collaborative roles of m7G-modifying enzymes in HCC, which may ultimately aid in the development of targeted therapeutic strategies aimed at disrupting these epitranscriptomic regulatory networks.

Building on comprehensive multi-omics analyses similar to those used to delineate NUP62’s role in cancer progression and immune regulation (32), our findings underscore the translational potential of METTL1 as a therapeutic target in HCC. Beyond its prognostic significance, our findings underscore the translational potential of METTL1 as a therapeutic target. Future studies should investigate METTL1 inhibitors in preclinical HCC models, both as monotherapy and in combination with immune checkpoint blockade (e.g., anti-PD-1/PD-L1 or anti-CTLA-4 antibodies). In vitro experiments could assess whether METTL1 inhibition reduces immune checkpoint expression and enhances T cell activation, while in vivo studies could evaluate the effects on tumor growth and immune cell infiltration. Such combination strategies may synergistically disrupt aberrant nucleotide metabolism and reverse immune suppression, ultimately improving therapeutic outcomes in HCC.

From a translational perspective, inhibiting METTL1 could hold therapeutic promise, as it may sensitize tumors to immunotherapies by reducing immune checkpoint expression and reversing immunosuppression. Recent integrative studies, including disulfidptosis‐based risk assessments in glioma and analyses of the biophysical properties of cancer cells, underscore that metabolic regulators critically influence both the tumor microenvironment and immune evasion mechanisms (33). In light of these findings, future studies should investigate METTL1 inhibitors—alone and in combination with immune checkpoint blockade (e.g., anti-PD-1/PD-L1 or anti-CTLA-4 antibodies)—in preclinical HCC models. In addition, complementary strategies that harness the unique electrical, optical, and magnetic characteristics of cancer cells have been shown to improve targeted drug delivery and may further potentiate the effects of METTL1 inhibition (34). Such combinations may prove synergistic, given that metabolic reprogramming and immune checkpoint pathways often converge to promote tumor growth. Moreover, emerging evidence on targeting the immune privilege of tumor-initiating cells suggests that disrupting these protective niches can enhance the overall efficacy of immunotherapies (35). Our study highlights the potential for detecting METTL1 or related biomarkers in peripheral blood, which could enable non-invasive monitoring of treatment responses or early recurrence. This aligns with recent findings that circulating biomarkers reflecting metabolic and immunological alterations provide dynamic insights into tumor behavior and therapeutic responsiveness (34).

In summary, our findings not only confirm the significant influence of METTL1 overexpression on HCC progression but also provide detailed mechanistic insights into how it orchestrates both metabolic and immune dysregulation. By placing these observations within the broader context of m7G modifications and immuno-oncology, we offer a foundation for future research directed at reversing METTL1-mediated immune suppression and improving therapeutic efficacy in HCC. This integrated view emphasizes the importance of targeting epitranscriptomic regulators in the quest for effective, personalized treatment strategies against this formidable disease.




5 Conclusion

In this study, we reveal for the first time that METTL1 is a key driver of nucleotide metabolism reprogramming in HCC. Our multi-omics analyses demonstrate that METTL1 overexpression is not only associated with enhanced nucleotide synthesis but also correlates with significant changes in the immune microenvironment, including altered immune cell infiltration and checkpoint expression. These findings suggest that METTL1 may contribute to immune evasion, providing a dual mechanism that supports tumor progression. Compared to previous studies that have focused on general metabolic alterations, our work highlights the innovative concept that targeting METTL1 could simultaneously disrupt tumor metabolism and reverse immunosuppression. This novel insight lays the groundwork for future therapeutic strategies aimed at METTL1 inhibition to restore anti-tumor immunity and improve patient outcomes. To clarify the link between METTL1-mediated nucleotide metabolism and the HCC immune microenvironment, it is essential to establish that METTL1-driven RNA modifications directly modulate immune responses, elucidate how METTL1 regulates key checkpoints such as PD-L1 and CTLA-4, assess whether targeting METTL1 and its associated pathways can reverse immune evasion and enhance immunotherapy efficacy, and determine how changes in nucleotide metabolism affect the recruitment and function of immune cell subsets. Addressing these points will deepen our understanding of HCC pathogenesis and support the development of novel, personalized therapeutic strategies based on METTL1 inhibition.





Data availability statement

The data presented in the study are deposited in the TCGA repository (accession number TCGA-LIHC), GEO repository (accession numbers GSE14520 and GSE76427), and ICGC repository (accession number ICGC-JP). The metabolism-related gene sets were obtained from the MsigDB repository (https://www.gsea-msigdb.org/gsea/).





Ethics statement

Ethical approval was not required for the studies on humans in accordance with the local legislation and institutional requirements because only commercially available established cell lines were used.





Author contributions

DZ: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. XW: Conceptualization, Data curation, Investigation, Methodology, Project administration, Resources, Writing – original draft, Writing – review & editing. YH: Data curation, Formal Analysis, Investigation, Validation, Writing – original draft, Writing – review & editing. ZF: Resources, Software, Supervision, Validation, Writing – original draft, Writing – review & editing. XL: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Project administration, Writing – review & editing. FX: Resources, Software, Supervision, Validation, Visualization, Writing – review & editing. JW: Conceptualization, Data curation, Supervision, Validation, Visualization, Writing – review & editing. QZ: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Validation, Writing – original draft, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. National Natural Science Foundation of China (No.82160506); Natural Science Foundation of Xinjiang Uygur autonomous region of China (No.2021D01C016).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





References

1. Chan, YT, Zhang, C, Wu, J, Lu, P, Xu, L, Yuan, H, et al. Biomarkers for diagnosis and therapeutic options in hepatocellular carcinoma. Mol Cancer. (2024) 23:189. doi: 10.1186/s12943-024-02101-z

2. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin. (2021) 71:209–49. doi: 10.3322/caac.21660

3. Xie, D, Shi, J, Zhou, J, Fan, J, and Gao, Q. Clinical practice guidelines and real-life practice in hepatocellular carcinoma: A Chinese perspective. Clin Mol Hepatol. (2023) 29:206–16. doi: 10.3350/cmh.2022.0402

4. Rumgay, H, Arnold, M, Ferlay, J, Lesi, O, Cabasag, CJ, Vignat, J, et al. Global burden of primary liver cancer in 2020 and predictions to 2040. J Hepatol. (2022) 77:1598–606. doi: 10.1016/j.jhep.2022.08.021

5. Lehrich, BM, Zhang, J, Monga, SP, and Dhanasekaran, R. Battle of the biopsies: Role of tissue and liquid biopsy in hepatocellular carcinoma. J Hepatol. (2024) 80:515–30. doi: 10.1016/j.jhep.2023.11.030

6. Sankar, K, Gong, J, Osipov, A, Miles, SA, Kosari, K, Nissen, NN, et al. Recent advances in the management of hepatocellular carcinoma. Clin Mol Hepatol. (2024) 30:1–15. doi: 10.3350/cmh.2023.0125

7. Kim, BH, Cho, Y, and Park, JW. Surveillance for hepatocellular carcinoma: It is time to move forward. Clin Mol Hepatol. (2022) 28:810–3. doi: 10.3350/cmh.2022.0257

8. Yang, T, Wang, MD, Xu, XF, Li, C, Wu, H, and Shen, F. Management of hepatocellular carcinoma in China: Seeking common grounds while reserving differences. Clin Mol Hepatol. (2023) 29:342–4. doi: 10.3350/cmh.2023.0106

9. Ajoolabady, A, Tang, D, Kroemer, G, and Ren, J. Ferroptosis in hepatocellular carcinoma: mechanisms and targeted therapy. Br J Cancer. (2023) 128:190–205. doi: 10.1038/s41416-022-01998-x

10. Sidali, S, Trépo, E, Sutter, O, and Nault, JC. New concepts in the treatment of hepatocellular carcinoma. United Eur Gastroenterol J. (2022) 10:765–74. doi: 10.1002/ueg2.12286

11. Crook, CJ, and Li, D. Adjuvant and neoadjuvant treatments for resectable hepatocellular carcinoma. Curr Oncol Rep. (2023) 25:1191–201. doi: 10.1007/s11912-023-01455-9

12. Tang, Y, Guo, C, Yang, Z, Wang, Y, Zhang, Y, and Wang, D. Identification of a tumor immunological phenotype-related gene signature for predicting prognosis, immunotherapy efficacy, and drug candidates in hepatocellular carcinoma. Front Immunol. (2022) 13:862527. doi: 10.3389/fimmu.2022.862527

13. Wu, HL, Gong, Y, Ji, P, Xie, YF, Jiang, YZ, and Liu, GY. Targeting nucleotide metabolism: a promising approach to enhance cancer immunotherapy. J Hematol Oncol. (2022) 15:45. doi: 10.1186/s13045-022-01263-x

14. Mager, LF, Burkhard, R, Pett, N, Cooke, NCA, Brown, K, Ramay, H, et al. Microbiome-derived inosine modulates response to checkpoint inhibitor immunotherapy. Science. (2020) 369:1481–9. doi: 10.1126/science.abc3421

15. Mullen, NJ, and Singh, PK. Nucleotide metabolism: a pan-cancer metabolic dependency. Nat Rev Cancer. (2023) 23:275–94. doi: 10.1038/s41568-023-00557-7

16. Linder, N, Haglund, C, Lundin, M, Nordling, S, Ristimäki, A, Kokkola, A, et al. Decreased xanthine oxidoreductase is a predictor of poor prognosis in early-stage gastric cancer. J Clin Pathol. (2006) 59:965–71. doi: 10.1136/jcp.2005.032524

17. Shaul, YD, Freinkman, E, Comb, WC, Cantor, JR, Tam, WL, Thiru, P, et al. Dihydropyrimidine accumulation is required for the epithelial-mesenchymal transition. Cell. (2014) 158:1094–109. doi: 10.1016/j.cell.2014.07.032

18. Thomä, NH, Czyzewski, BK, Alexeev, AA, Mazin, AV, Kowalczykowski, SC, and Pavletich, NP. Structure of the SWI2/SNF2 chromatin-remodeling domain of eukaryotic Rad54. Nat Struct Mol Biol. (2005) 12:350–6. doi: 10.1038/nsmb919

19. Mohaghegh, P, and Hickson, ID. DNA helicase deficiencies associated with cancer predisposition and premature ageing disorders. Hum Mol Genet. (2001) 10:741–6. doi: 10.1093/hmg/10.7.741

20. Zhou, Y, Qiu, C, Fu, Q, Li, T, Zhang, X, Zhu, C, et al. Pan-cancer analysis of oncogenic role of RAD54L and experimental validation in hepatocellular carcinoma. J Inflammation Res. (2023) 16:3997–4017. doi: 10.2147/JIR.S426558

21. Musa, J, Aynaud, MM, Mirabeau, O, Delattre, O, and Grünewald, TG. MYBL2 (B-Myb): a central regulator of cell proliferation, cell survival and differentiation involved in tumorigenesis. Cell Death Dis. (2017) 8:e2895. doi: 10.1038/cddis.2017.244

22. Inoue, K, and Fry, EA. Novel molecular markers for breast cancer. biomark Cancer. (2016) 8:25–42. doi: 10.4137/bic.s38394

23. He, W, and Meng, J. CDC20: a novel therapeutic target in cancer. Am J Transl Res. (2023) 15:678–93.

24. Bruno, S, Ghelli Luserna di Rorà, A, Napolitano, R, Soverini, S, Martinelli, G, and Simonetti, G. CDC20 in and out of mitosis: a prognostic factor and therapeutic target in hematological Malignancies. J Exp Clin Cancer Res. (2022) 41:159. doi: 10.1186/s13046-022-02363-9

25. Kim, Y, Choi, JW, Lee, JH, and Kim, YS. Spindle assembly checkpoint MAD2 and CDC20 overexpressions and cell-in-cell formation in gastric cancer and its precursor lesions. Hum Pathol. (2019) 85:174–83. doi: 10.1016/j.humpath.2018.10.029

26. Mondal, G, Sengupta, S, Panda, CK, Gollin, SM, Saunders, WS, and Roychoudhury, S. Overexpression of Cdc20 leads to impairment of the spindle assembly checkpoint and aneuploidization in oral cancer. Carcinogenesis. (2007) 28:81–92. doi: 10.1093/carcin/bgl100

27. Huang, M, Long, J, Yao, Z, Zhao, Y, Zhao, Y, Liao, J, et al. METTL1-Mediated m7G tRNA Modification Promotes Lenvatinib Resistance in Hepatocellular Carcinoma. Cancer Res. (2023) 83:89–102. doi: 10.1158/0008-5472.can-22-0963

28. Chen, Z, Zhu, W, Zhu, S, Sun, K, Liao, J, Liu, H, et al. METTL1 promotes hepatocarcinogenesis via m(7) G tRNA modification-dependent translation control. Clin Transl Med. (2021) 11:e661. doi: 10.1002/ctm2.661

29. Cheng, W, Gao, A, Lin, H, and Zhang, W. Novel roles of METTL1/WDR4 in tumor via m(7)G methylation. Mol Ther Oncolytics. (2022) 26:27–34. doi: 10.1016/j.omto.2022.05.009

30. Zeng, X, Liao, G, Li, S, Liu, H, Zhao, X, Li, S, et al. Eliminating METTL1-mediated accumulation of PMN-MDSCs prevents hepatocellular carcinoma recurrence after radiofrequency ablation. Hepatology. (2023) 77:1122–38. doi: 10.1002/hep.32585

31. Ali, RH, Orellana, EA, Lee, SH, Chae, YC, Chen, Y, Clauwaert, J, et al. A methyltransferase-independent role for METTL1 in tRNA aminoacylation and oncogenic transformation. Mol Cell. (2025) 85:948–961.e11. doi: 10.1016/j.molcel.2025.01.003

32. Chen, L, He, Y, Duan, M, Yang, T, Chen, Y, Wang, B, et al. Exploring NUP62’s role in cancer progression, tumor immunity, and treatment response: insights from multi-omics analysis. Front Immunol. (2025) 16:1559396. doi: 10.3389/fimmu.2025.1559396

33. Niu, X, Li, G, Kahlert, UD, Ding, L, Zheng, J, Li, C, et al. Integrative disulfidptosis-based risk assessment for prognostic stratification and immune profiling in glioma. J Cell Mol Med. (2025) 29:e70429. doi: 10.1111/jcmm.70429

34. Sharma, R, and Malviya, R. Modifying the electrical, optical, and magnetic properties of cancer cells: A comprehensive approach for cancer management. Med Adv. (2024) 2:3–19. doi: 10.1002/med4.51

35. Yang, C, Geng, H, Yang, X, Ji, S, Liu, Z, Feng, H, et al. Targeting the immune privilege of tumor-initiating cells to enhance cancer immunotherapy. Cancer Cell. (2024) 42:2064–2081.e19. doi: 10.1016/j.ccell.2024.10.008




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2025 Weng, Huang, Fu, Liu, Xie, Wang, Zhu and Zheng. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-16-1582203-g007.jpg
2
&
8
4
=3
[}

s

*T||||I|||l|||||||IIIIIIIIII R
ke /4

I
pusknsor






OEBPS/Images/fimmu.2025.1582203_cover.jpg
& frontiers | Frontiers in Immunology

METTL1-driven nucleotide metabolism
reprograms the immune microenvironment
in hepatocellular carcinoma: a multi-omics

approach for prognostic biomarker
discovery





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

    		Cover



  		

        METTL1-driven nucleotide metabolism reprograms the immune microenvironment in hepatocellular carcinoma: a multi-omics approach for prognostic biomarker discovery

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Gathering and preparation of data for analysis

          



          		

            2.2 Molecular typing and correlation analysis

          



          		

            2.3 Weighted gene co-expression network analysis and multi-machine learning model building (prognostic model construction)

          

            		

              2.3.1 Model building via WGCNA and machine learning

            



            		

              2.3.2 Prognostic model construction and model validation

            



          



          



          		

            2.4 Differences in expression profiles of risk groups

          



          		

            2.5 Analysis of the correlation between risk score and immune microenvironment

          



          		

            2.6 Single cell analysis

          



          		

            2.7 Correlation analysis of single gene METTL1 and immune landscape

          



          		

            2.8 Cell culture and RT-qPCR

          



          		

            2.9 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Typing analysis and correlation assessment

          



          		

            3.2 Model construction and model verification based on WGCNA

          



          		

            3.3 Differences in expression profiles of risk groups

          



          		

            3.4 Correlation analysis between risk score and immune microenvironment

          



          		

            3.5 Single cell analysis

          



          		

            3.6 Correlation analysis of single gene METTL1 and immune landscape

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-16-1582203-g009.jpg
o

i

48 g





OEBPS/Images/fimmu-16-1582203-g010.jpg
v o
A
7 o Q@Q’” &

c© © < ~ =)
111 L JIN JO uoissaldxa aAne|oy






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-16-1582203-g005.jpg





OEBPS/Images/fimmu-16-1582203-g003.jpg
T

Hf)w

g

i

_:z%s%?;zmzmém

H
H

P
gE5

1

”HHI
WKL
e

o o e
T
e

n 11— o —






OEBPS/Images/fimmu-16-1582203-g001.jpg
I Nucleotide metabolism in liver cancer NME

| WGCNA

TCGALIHC Machiene:

GSET4520 Survival

| ukTme

| singlecel






OEBPS/Images/fimmu-16-1582203-g006.jpg





OEBPS/Images/fimmu-16-1582203-g008.jpg
LIHC]

09105

PDCDL

I
EEREEERREE]
(1) uoe(e1109 uoswd.

LaGa

i

G

coz7a

i

EER R
) vonei1100 uosIEad

i

i
-.

EEREERER K]
) voner1100 uosead

i

LR x
LA rr.,v.nV.;
AR NN

Eby BR
ERRLLENRREERESLELEERS

rrmrr-ryn rrwrmrrrr,rr

RRLELRE EE R L ERERL ALK
& N N N ANN YN
(NNRARRRR
(Y

C






OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-16-1582203-g004.jpg
Module.trait relationships

i wessaan)
- w1

T

Meta analysis of univariate Cox regression

SEGE) Walghiiandom) Welghifxed)

201093-430) 0077
i —  2uam-209 peocor
os 1 3 4 b

“oeter worse





OEBPS/Images/table1.jpg
Primer.

Sequence (5"~ 3)

Direction
GAPDH Forvard GGAGCGAGATCCCTCCAAAAT
GAPDH Reverse GGCTGTTGTCATACTICTCATGG
METTLI Forvard GGCAACGTGCTCACTCCAA

METTLI Reverse CACAGCCTATGTCTGCAAACT





OEBPS/Images/fimmu-16-1582203-g002.jpg
A ke

o.00{ p=0.00065

Glustert Cluiter2
5 © (v=181) (0= 148)
Time(years) A e s e





