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Regulation of RNA methylation and immune infiltration patterns by m5C regulators in head and neck squamous cell carcinoma
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Abstract: Background: 5-Methylcytosine (m5C) methylation contributes to the development and progression of various malignant tumors. This study aimed to explore the potential role of m5C methylation regulators (m5CMRs) in head and neck squamous cell carcinoma (HNSCC). Methods: The transcription data of HNSCC samples were obtained from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases. Subsequently, the m5C patterns in HNSCC were evaluated based on 14 m5CMRs. Then, the m5Cscore was developed to quantify m5C patterns by using principal component analysis (PCA) algorithms. Two single-cell RNA sequencing datasets and various methods were employed to assess the prognostic value and sensitivity to immunotherapy. Finally, key prognostic m5CMRs were identified using univariate COX regression analysis, and their clinical significance was validated based on the Human Protein Atlas (HPA) database and by using immunohistochemistry. Results: Two distinct m5C clusters were identified. m5C cluster A is characterized by an immune-activated microenvironment and is associated with a favorable prognosis. Notable differences were observed in prognosis, immune infiltration, and immunotherapy response between the high- and low-m5Cscore groups. Patients in the high-m5Cscore group exhibited high TMB, which is correlated with poor prognosis. The m5Cscore of epithelial cells in HNSCC was higher than that in other cells. Key prognostic m5CMRs, including NSUN2, DNMT3B, ALKBH1, and Y-Box Binding Protein 1 (YBX1), were associated with poor prognosis. Conclusion: Our research indicates that in head and neck squamous cell carcinoma, the m5C modification profoundly affects the TME’s diversity and complexity, influencing prognosis and the success of immunotherapy. Targeting m5C regulatory elements may be a new method for enhancing the efficacy of immunotherapy in HNSCC.
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Introduction

Head and neck squamous cell carcinoma (HNSCC) are a common malignant tumor that arises from squamous epithelial cells in the mouth, oropharynx, larynx, and hypopharynx (Johnson et al., 2020; Sung et al., 2021). It is the sixth most prevalent malignant tumor, accounting for over 830,000 new cases and approximately 450,000 deaths worldwide every year, among which 225,000 new cases per year were recorded in China alone (Xia et al., 2022; Yang et al., 2023). Smoking, alcohol consumption, chewing betel nut, and high-risk HPV infection are the primary carcinogenic factors of HNSCC (Lechner et al., 2022; Lee et al., 2023; Nam et al., 2022). Due to the hidden onset site, lack of early-stage symptoms, and difficulty in detection, palpation, or examination, patients with HNSCC are often diagnosed in the late stage with a poor prognosis. Surgical resection is usually the first choice for treatment, followed by adjuvant radiotherapy or chemotherapy, depending on the clinical and pathological staging of the tumor (Amaral et al., 2022). Despite significant progress in the prevention, early detection, diagnosis, and multimodal combination therapy of various tumors in recent years, the overall prognosis of patients with HNSCC remains poor, and the five-year overall survival (OS) rate is still less than 60% (Solomon et al., 2018). Therefore, investigating the potential molecular mechanisms underlying the occurrence and malignant progression of HNSCC can provide new ideas and strategies for clinical treatment and is of great significance for improving the OS of patients.

The epigenetic modification, 5-methylcytosine (m5C), is commonly found in eukaryotes, specifically in the untranslated regions of mRNA transcripts (Balachander et al., 2022). The formation of m5C is catalyzed by RNA m5C methylation enzymes such as NOL1/NOP2/sun (NSUN) 1–7 and DNA methyltransferase analogues DNMT (DNMT1, DNMT2, DNMT3A, and DNMT3B). Tet methylcytosine dioxygenase 2 (TET2) is the key enzyme that catalyzes the removal of RNA m5C. This modification is crucial to biological processes in both eukaryotes and prokaryotes and is often linked to various diseases. For instance, the imbalance in m5C regulatory protein expression is notably associated with cardiovascular disease, demonstrating the vital role of these proteins in biological and cellular functions (Balachander et al., 2022). Additionally, RNA m5C methylation modification contributes to the development and progression of many tumors, including bladder cancer, liver cancer, colorectal cancer, and glioma (Chen et al., 2019; Liang et al., 2022; Wang et al., 2020). In lung squamous cell carcinoma, the regulatory factors NSUN3 and NSUN4 of m5C methylation are significantly overexpressed compared with healthy lung tissue, and they are associated with poor prognosis (Pan et al., 2021). Furthermore, a recent study revealed that the interplay between NSUN2 expression and T cell activation influences the survival rate in patients with HNSCC, suggesting that NSUN2 is a potential marker for immune checkpoint blockade and a therapeutic target (Saloura et al., 2018). The expression level of m5C regulators is associated with the tumor immune microenvironment (TME). A bioinformatic analysis revealed that the elevated expression levels of m5C regulators are correlated with decreased immune activity in tumor-infiltrating lymphocytes (TILs), such as CD8 T cells, dendritic cells (DCs), and natural killer (NK) cells in oral squamous cell carcinoma (Gao et al., 2021). However, the influence of m5C methylation regulators (m5CMRs) in determining the heterogeneity of the TME and managing HNSCC immune cell infiltration remains uncertain.

This study involves a comprehensive analysis of m5CMRs by summarizing and screening 14 genes from previous literature (Song et al., 2022). Then, unsupervised clustering analysis was employed to identify molecular subtypes and explore the m5C methylation regulation pattern and immune infiltration in HNSCC. The findings were validated using the single-cell sequencing data for HNSCC from the GEO database. Furthermore, four key prognostic genes of m5C methylation, namely NSUN2, DNMT3B, ALKBH1, and YBX1, were identified and verified using the HPA database and via immunohistochemical staining of clinical tissue samples. Our study provides novel insights into the prognostic biomarkers and therapeutic targets for HNSCC.

Materials and Methods

Patient cohorts

In this study, four HNSCC datasets (TCGA-HNSCC, GSE41613, GSE42743, and GSE65858) were included. The TCGA-HNSCC cohort contained 502 samples from patients with HNSCC and 44 normal tissues. The GSE41613 cohort consisted of 97 HPV-negative patients with HNSCC (Zhao et al., 2022). The GSE42743 included 74 HNSCC samples and 29 normal tissues (Lohavanichbutr et al., 2013). The GSE65858 cohort contained 270 patients with HNSCC, including 196 HPV-negative patients with HNSCC, 73 HPV-positive patients with HNSCC, and 1 HNSCC patient with unknown HPV status (Wichmann et al., 2015). The transcription data and clinical data of the four datasets above were obtained for further analysis in the present study. The FPKM values of the transcription expression profile data of HNSCC were obtained from the TCGA database and then converted into TPM values for downstream analysis. The confounding effects caused by differences in data collection were minimized across multiple databases by using the ComBat algorithm to integrate transcription data from four distinct sources pertaining to HNSCC.

Unsupervised clustering for m5CMRs

In the present study, 14 m5CMRs from previous publications were identified and summarized, including nine m5C methyltransferases (NSUN2, NSUN3, NSUN4, NSUN5, NSUN6, NSUN7, NOP2, DNMT3A, and DNMT3B), four m5C demethylases (TET1, TET2, TET3, and ALKBH1), and one m5C methylation binding protein (YBX1). Then the basic characteristics of these genes, such as the expression differences between tumor tissue and normal tissue, frequency of CNV and SNP, and positions on chromosomes, were investigated. The expression pattern of m5CMRs was explored using the ConsensusClusterPlus package to cluster the expression profiles of the 14 m5CMRs. The survival package and single-sample Gene Set Enrichment Analysis (ssGSEA) algorithm were applied to investigate the functional characteristics of the molecular subtypes. The difference in immune infiltration was validated using gene set variation analysis (GSVA), which is a powerful gene set enrichment method that evaluates whether different pathways are enriched between different samples by converting the expression matrix of genes into the expression matrix of gene sets.

Construction of m5C signature

For a good understanding of the role of m5C in HNSCC, an m5C signature was constructed to quantify the degree of m5C methylation in patients with HNSCC. First, the limma package was used to identify differentially expressed genes (DEGs) between the m5CMR modification patterns based on threshold values of FDR < 0.05 and |log2FC| > 1. Then, the ConsensusClusterPlus package was applied to perform 1,000 unsupervised cluster analyses based on the above DEG expression profile data. Next, the limma package was employed to identify the DEGs between the consensus clusters. Prognostic genes were pinpointed using univariate Cox regression analysis. Lastly, a m5C signature was constructed via PCA, and the signature score was calculated based on the principal components 1 and 2. The calculation formula is as follows: m5Cscore = PC1 + PC2. The maxstat package was utilized to determine the optimal threshold to classify the patients with HNSCC into the high- and low-m5Cscore group. Patients with high m5Cscores were considered to have elevated levels of m5C methylation, whereas those with low m5Cscores were considered to have decreased levels.

Somatic mutation analysis

Tumor mutation burden (TMB) is deemed to be tightly associated with the prognosis of malignant tumors. In this study, the somatic mutation data of HNSCC were retrieved from the TCGA database, and the TMB score was computed for each patient by using the maftools package. Subsequently, the relationship between TMB and the prognosis of HNSCC was assessed via survival analysis. The correlation between TMB and m5Cscore was also analyzed using correlation analysis.

Immunotherapy response prediction

The correlation between m5C methylation levels and the response to immunotherapy was investigated using the Cancer Immunograph Atlas (TCIA) database to examine the relationship between m5C score and treatment results. TCIA is a database developed upon the TCGA database, and it provides immune data analysis for 20 types of cancer (Charoentong et al., 2017).

Single-cell RNA sequencing analysis for m5Cscore

Two single cell RNA sequencing data (GSE195832 and GSE123813) were applied in this study. The GSE195832 dataset includes eight tumor tissue samples from four HNSCC patients; four samples were biopsy samples collected prior to the administration of the anti-PD-1 monoclonal antibody Navulizumab, while the four remaining samples were obtained after two cycles of Navulizumab treatment (Obradovic et al., 2022). The GSE123813 dataset contains 24 tissue samples from 11 patients with basal cell carcinoma (BCC), in which tissue sequencing was conducted before and after the administration of the anti-PD-1 monoclonal antibody pabolizumab for each patient (Yost et al., 2019). First, two single cell RNA sequencing data were read using Read10X, and CreateSeuratObject was used to generate the S4 object required for subsequent analysis. Next, the cell cycle score was calculated using CellCycleScoring. Finally, the three following conditions were applied for further quality control: (1) removal of cells with less than 300 or more than 6,000 genes; (2) removal of cells with UMI values less than 1,000 or greater than 50,000; and (3) removal of cells with a mitochondrial gene ratio greater than 15%. For the accuracy of analysis results, the DoubletFinder package was used to identify and eliminate doublets (McGinnis et al., 2019). The effect batch effects between samples were minimized by applying the Harmony algorithm to integrate these single cell sequencing data. Subsequently, the Louvain algorithm was used to cluster the cells. Finally, the t-Distributed Random Neighbor Embedding (t-SNE) dimensionality reduction technology was used to achieve further dimensionality reduction visualization.

Immunohistochemistry (IHC) staining

The key prognosis m5CMRs were identified using univariate COX regression analysis. Genes with a p value less than 0.05 were selected for further validation. Then, the HPA database was used as basis to verify the correlation between the expression of key prognosis m5CMRs and prognosis (Uhlen et al., 2015). HPA is a publicly available resource that contains proteomics, transcriptomics, and systems biology data for both tumor and normal tissues. This database can assist researchers in creating maps of tissues, cells, and organs and in consulting survival curves for cancer patients.

Moreover, the role of key prognostic m5CMRs in the prognosis of HNSCC was confirmed by conducting IHC experiments on 10 specimens of patients with primary HNSCC who received surgical treatment at the Affiliated Stomatological Hospital of Sun Yat-sen University between September 2018 and September 2019. Based on the follow-up results, the 10 patients were divided into a group with survival time of more than 3 years (≥3y group) and a group with a survival time of less than 3 years (<3y group).

H-score calculation

After slicing the tissue by using the PANNORAMIC (3DHISTECH, Budapest, Hungary) panoramic slicing scanner, the slices were gradually moved under the scanner’s lens, imaging was carried out while moving, and all the tissue information on the tissue slices were scanned to form a folder that contains all the tissue information on the slices. After opening the folder by using the CaseViewer2.4 software (3DHISTECH, Budapest, Hungary), the samples can be observed at any magnification from 1× to 400×. The TMA plugin in Quant Center2.3 (3DHISTECH, Budapest, Hungary) analysis software was used to set the organizational edge contour, and the software automatically generated a number. The H-score was quantified by calculating the sum of the product of the percentage of cells of weak, moderate, and strong intensity and their respective staining intensity (H-SCORE = Σ(PI) of the target area for each chip and point using the Densito Quant module in Quant Center2.3 analysis software × I) = (percentage of cells of weak intensity × 1) + (percentage of cells of moderate intensity × 2) + (percentage of cells of strong intensity × 3). In the formula, PI represents the proportion of positive signal pixel area, and I represent the coloring intensity.

Statistical analysis

Wilcoxon test was used to compare the difference between two groups. The survival package was applied for survival analysis. All statistical p values were two-sided, with p < 0.05 indicating statistical significance. All data-processing steps were conducted in R 4.0.1 software.

Results

Characterization of m5CMRs

A total of 987 HNSCC specimens were collected, including 32 normal tissues and 955 tumor tissues. The specific data information is shown in Table 1. In the TCGA dataset, the basic characteristics of 14 m5CMRs in HNSCC were explored. In comparison with normal tissues, NSUN2, NSUN3, NSUN4, NSUN5, NSUN6, NOP2, DNMT3A, DNMT3B, TET1, TET3, ALKBH1, and YBX1 are highly expressed in tumor tissues, whereas NSUN7 and TET2 are highly expressed in normal tissues, indicating that these genes may play a role in tumor development (Fig. 1A). The 14 m5CMRs were distributed on different chromosomes (Fig. 1B). Then, the frequency of SNP for 14 m5CMRs was analyzed, and the results show that the total mutation frequency was 10.67%, and DNMT3A, DNMT3B, and TET1 had the highest mutation frequency (Fig. 1C). Therefore, the m5CMRs may not affect downstream RNA transcription and translation levels through somatic mutations. Through CNV analysis, NSUN2, NSUN3, NSUN4, NOP2, DNMT3B, TET3, ALKBH1, YBX1, NSUN7, and TET2 were mainly subjected to copy number variation in the form of gain of function, while NSUN5, NSUN6, DNMT3A, and TET1 were subjected to copy number variation in the form of loss of function (Fig. 1D).
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Figure 1: Basic characteristics of m5CMRs in The Cancer Genome Atlas dataset. (A) The differential expression of 14 m5CMRs between tumor and normal tissues; Normal, normal tissue; Tumor, tumor tissue. (B) Distribution of 14 m5CMRs in DNA. (C) Somatic mutation of 14 m5CMRs. (D) Copy number variation of 14 m5CMRs; GAIN, gain of function; LOSS, loss of function. *p < 0.05, **p < 0.01, ***p < 0.001.

We merged the four HNSCC cohorts to investigate the relationship between the 14 m5CMRs and the prognosis. By using the Kaplan–Meier (KM) method, 12 m5CMRs (TET1, TET2, TET3, DNMT3A, DNMT3B, NSUN2, NSUN3, NSUN4, NSUN7, NOP2, ALKBH1, and YBX1) were confirmed to affect the prognosis of the patients with HNSCC (Fig. 2). The high expression of DNMT3A, NSUN7, TET2, and TET3 indicates the long-term survival of patients with HNSCC, while the high expression of TET1, DNMT3B, NSUN2, NSUN3, NSUN4, NOP2, ALKBH1, and YBX1 indicates poor prognosis (Fig. 2).
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Figure 2: Kaplan–Meier survival curve of m5CMRs.

The interaction among 14 m5CMRs was investigated using correlation analysis. NSUN7-YBX1, NSUN2-NSUN7, NSUN5-TET1, NSUN5-TET2, and NSUN5-TET3 showed a significant negative correlation, whereas NSUN2-DNMT3B, NSUN2-YBX1, and NSUN3-TET3 showed a significant positive correlation (Fig. 3A).
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Figure 3: Construction of m5C methylation molecular subtype for HNSCC. (A) Correlation network; (B) Heatmap of subtypes; (C) PCA analysis; (D) KM survival curve of m5C methylation molecule subtypes; (E) ssGSEA function analysis of m5C methylation molecule subtypes; (F) GSVA analysis of m5C methylation molecule subtypes; and (G) Expression levels of m5C methylation regulators between the two subtypes. *p < 0.05, **p < 0.01, ***p < 0.001.

Construction of m5C methylation molecular subtype for HNSCC

In this study, we used the Combat package to remove the batch effect among four HNSCC transcription data. Then, 14 m5CMR expression profiles were extracted based on the corrected transcription data and then classified using the ConsensusClusterPlus package. As a result, 923 patients with HNSCC were divided into two clusters, namely, m5CclusterA and m5CclusterB (Fig. 3B), which are two distinct categories based on PCA analysis (Fig. 3C). The patients in m5CclusterA had a longer survival time, while the patients in m5CclusterB had a poor prognosis (Fig. 3D). Functional analysis revealed that m5CclusterA and m5CclusterB exhibit completely different immune infiltration patterns. Immune-responsive cells such as activated B cell, activated CD4 T cell, activated CD8 T cell, immature B cell, and NK cell infiltrated more in m5CclusterA, while neutrophil and gamma delta T cells infiltrated more in m5CclusterB (Fig. 3E). This finding indicates that m5CclusterA is an immune-activated microenvironment, while m5CclusterB may be an immunosuppressive microenvironment. In addition, the GSVA analysis of the Hallmarker gene sets for the two clusters revealed that they have completely different functions. Among them, m5CclusterB mainly enriched metabolic-related pathways, such as ascorbate and alarate, tryptophan, glycine, serine, threonine, and histidine metabolism. It also participated in the primary immunodeficiency pathway, further explaining its immunosuppressive properties (Fig. 3F). Furthermore, the differential expression of 14 m5CMRs between the two clusters was investigated. DNMT3B, NSUN2, NOP2, ALKBH1, and YBX1 were highly expressed in m5CclusterB, while NSUN6, NSUN7, and DNMT3A were highly expressed in m5CclusterA (Fig. 3G).

Construction of m5Cscore

To construct a m5C scoring system, the differential analysis on m5CclusterA and m5CclusterB was carried out to identify the DEGs. Based on these DEGs, 1,000 unsupervised cluster analyses were conducted, and the patients with HNSCC were divided into two types of m5C methylation gene phenotype molecular typing, namely, geneCluster A and geneCluster B (Fig. 4A). Based on K–M survival analysis, the patients in geneCluster B had longer survival time, while patients in geneCluster A had a worse prognosis (Fig. 4B). In comparison with geneCluster B, NOP2, NSUN2, NSUN4, NSUN5, DNMT3B, ALKBH1, and YBX1 had higher expression levels in geneCluster A, whereas the opposite results were obtained for NSUN3, NSUN6, NSUN7, DNMT3A, TET1, and TET2 (Fig. 4C).
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Figure 4: The m5C methylation phenotyping subtypes. (A) Heatmap of m5C methylation phenotyping subtypes; (B) K–M survival curve of m5C methylation phenotyping subtypes; (C) Expression levels of m5C methylation regulators between m5C methylation phenotyping subtypes. *p < 0.05, **p < 0.01, ***p < 0.001.

Then, geneCluster A and geneCluster B were subjected to gene expression differential analysis, and univariate COX analysis was conducted to identify prognostic genes. Based on these prognostic genes, the m5C signature—m5Cscore was developed using the PCA method (Fig. 5A). Patients with HNSCC were divided into the high- and low-m5Cscore group based on the optimal threshold (Fig. 5B). Patients in the low-m5Cscore group had a better prognosis than those in the high-m5Cscore group, indicating the potential of m5Cscore as a prognostic indicator for HNSCC and suggesting that m5C methylation affects the prognosis of HNSCC. The relationship between m5Cscore and immune infiltrating cells was investigated by using the ssGSEA method to calculate the immune infiltrating cell score in HNSCC. Then, the correlation between m5Cscore and immune infiltrating cell score was inverstigated. A negative correlation was observed between the m5Cscore and most immune infiltrating cells (Fig. 5C). The m5Cscore had a strong negative correlation with activated B cells, activated CD4 cells, activated CD8 cells, and immature B cells and a positive correlation with neutrophil (Fig. 5C). This finding indicates that m5C methylation may affect the immune microenvironment and lead to immune heterogeneity microenvironment affecting anti-tumor immunity in HNSCC, leading to poor prognosis (Fig. 5C). The distribution of m5Cscore in the m5Ccluster and geneCluster groups was compared, and significant differences were observed in the distribution of m5Cscore between the m5Ccluster and geneCluster groups, with consistent survival curves (Figs. 5D and 5E).

[image: images]

Figure 5: Construction of m5C methylation score. (A) Sankey plot; (B) K–M survival curve of m5Cscore; (C) Correlation analysis between m5Cscore and immune infiltration; (D) Distribution of m5Cscore in m5Ccluster; and (E) Distribution of m5Cscore in geneCluster.

Relationship between m5Cscore and TMB

Based on the comparison of differences in SNP between the high- and low-m5Cscore group, patients in the high-m5Cscore group having higher rates of missense and nonsense mutations (Figs. 6A and 6B). In this study, the relationship between m5Cscore and TMB was investigated. Based on the comparison of the distribution differences of TMB scores between the high- and low-m5C score group, the TMB scores of the high-m5Cscore group were significantly higher than those of the low-m5Cscore group, and the difference was statistically significant (p < 0.05, Fig. 6C). Furthermore, that a certain correlation between m5Cscore and TMB, in which R = 0.19 and p < 0.05 (Fig. 6D). Subsequently, patients with high TMB had a poor prognosis, which is consistent with previous literature reports (Fig. 6E). Next, the m5Cscore was combined with TMB for survival analysis, and the results show that the combination of m5Cscore and TMB analysis could distinguish two groups of patients, namely the high-m5Cscore, high-TMB group and the low-m5Cscore, low-TMB group, which have significantly different prognosis (Fig. 6F). This finding indicates that the combination of m5Cscore and TMB analysis can improve the effectiveness of predicting patient prognosis and effectively stratify patients with HNSCC.
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Figure 6: Relationship between m5Cscore and TMB. (A) SNP in high-m5Cscore group; (B) SNP in low-m5Cscore group; (C) Distribution of TMB in the high- and low-m5Cscore groups; (D) Correlation analysis between TMB and m5Cscore; (E) K–M survival curve of TMB; and (F) KM survival curve of m5Cscore combined with TMB.

Relationship between m5Cscore and immunotherapy response

The above immune infiltration analysis indicates a negative correlation between m5Cscore and multiple immune infiltration cells, indicating that m5C methylation may be involved in the anti-tumor immunity of HNSCC. Accordingly, the relationship between m5Cscore and immunotherapy response was explored. The IPS score data for patients with HNSCC were downloaded from the TCIA database, and the analysis results showed a significant difference in m5Cscore between CTLA4_Positive-PD1_ Positive and CTLA4_Negative-PD1_Negative groups (p < 0.05), whereas no significant difference was observed in the CTLA4_Positive-PD1_Negative and CTLA4_Negative-PD1_Positive groups (Figs. 7A–7D). This finding indicates that m5Cscore can reflect the efficacy of immunotherapy in specific populations and has potential for application (Figs. 7A–7D).

[image: images]

Figure 7: Relationship between m5Cscore and immunotherapy. (A) The differences of IPS between high and low m5Cscore groups in CTLA4_Positive-PD1_Positive group; (B) The differences of IPS between high and low m5Cscore groups in CTLA4_Negative-PD1_ Negative group; (C) The differences of IPS between high and low m5Cscore groups in CTLA4_Negative-PD1_Positive group; (D) The differences of IPS between high and low m5Cscore groups in CTLA4_Positive-PD1_Negative group.

Single-cell sequencing analysis for m5Cscore

In GSE195832, 17 cell subpopulations were obtained and annotated based on known cell surface markers, including epithelial cells, pericytes, endothelial cells, cancer associated fibroblasts, plasma cells, B cells, mast cells, macrophages, T cells, and DCs (Fig. 8). The results show that HNSCC is a heterogeneous tumor with significant differences in cell composition among each sample (Figs. 8A–8D). Then, the m5Cscore levels among different cell types were compared, and the results show that epithelial cells, macrophages, and DCs express high m5C score (Fig. 8E). Further comparison of the dynamic changes of m5Cscore before and after medication revealed that the expression of m5C score in epithelial cells was significantly higher after medication than before (Fig. 8F). However, no significant difference was observed in the m5Cscore expression between macrophages and DCs before and after treatment (Fig. 8G). This finding indicates that the level of m5C methylation in epithelial cells is related to immunotherapy, and m5C methylation may affect the efficacy of immunotherapy.
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Figure 8: GSE195832. (A) Umap plot of Seruat number; (B) Umap plot of tumor samples; (C) Umap plot of treatment group; (D) Umap plot of all cell types; (E) Cell type annotation; (F) Distribution of m5Cscore in cell types; and (G) Dynamic changes of m5Cscore in cell types between pre- and post-treatment. *p < 0.05, **p < 0.01, ***p < 0.001.

The potential mechanism of m5C methylation in epithelial cells affecting anti-tumor immunity was investigated by classifying epithelial cells into three categories based on the expression level of m5Cscore in epithelial cells, namely, high, medium, and low m5C score. The Cellchat software was used to explore the differences in interactions between high and low-m5Cscore epithelial cells and other cells. Epithelial cells mainly interact with T cells and macrophages, and the interaction between high-m5Cscore epithelial cells and T cells is stronger than that between low-m5Cscore epithelial cells (Figs. 9A and 9B). Based on the comparison of the specific effects of high and low-m5Cscore epithelial cells on T cells, that the high-m5Cscore epithelial cells interact actively with T cells in the MIF-(CD74+CXCR2) pathway, but no interaction was observed between low-m5Cscore epithelial cells and T cells in this pathway (Fig. 9C). This finding suggests that high-m5Cscore epithelial cells may affect T cell function through the MIF-(CD74+CXCR2) pathway, thereby affecting anti-tumor immune response (Fig. 9C).
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Figure 9: Cell–cell communication analysis. (A) Interaction between high-m5Cscore epithelial cells with the other cells; (B) Interaction between low-m5Cscore epithelial cells with the other cells; and (C) Interaction pathway among epithelial cells, T cells and macrophages.

The GSE123813 dataset was included as an independent external validation data to validate the clinical significance of m5Cscore in immunotherapy. The cells were divided into 19 subpopulations based on the annotation file provided by the author, and the m5C score for each cell was calculated (Figs. 10A–10G). The results show that epithelial cells, DCs, and macrophages were highly expressed in m5C score, and epithelial cells had the highest m5C score (Fig. 10G). In the comparison of the distribution of m5C score between immunotherapy efficacy groups, a difference was observed in the m5C score between the response group and the non-response group (Fig. 10H). Further comparison of the distribution of m5C scores before and after medication showed consistent results with the GSE195832 data (Fig. 10H). The expression of m5Cscore significantly increased after treatment, and the expression of m5Cscore in epithelial cells significantly increased after treatment (Fig. 10H). In addition, the distribution differences of m5C score were compared between different efficacy groups before and after medication, and the results show that the expression of m5C score in epithelial cells had a consistent trend, indicating high expression in the non-responsive group (Figs. 10I and 10J). Therefore, m5C methylation in epithelial cell may affect the efficacy of immunotherapy.
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Figure 10: GSE123813. (A) The umap plot of Seruat number; (B) The umap plot of tumor samples; (C) The umap plot of treatment group; (D) The umap plot of groups combined treatment group and therapeutic effect group; (E) The umap plot of therapeutic effect groups; (F) The umap plot of cell types; (G) Distribution of m5Cscore; (H) Distribution of m5Cscore in each cell type between pre-treatment and post-treatment group; (I) Distribution of m5Cscore in each cell type between therapeutic effect groups of pre-treatment group; and (J) Distribution of m5Cscore in each cell type between therapeutic effect groups of post-treatment group. *p < 0.05, **p < 0.01, ***p < 0.001.

Pan-cancer analysis of m5CMRs

The potential role of m5CMRs was explored by comparing the expression differences and mutation frequencies of 14 m5CMRs in 32 solid tumors. The results show that m5CMRs are differentially expressed in most cancers and are highly expressed in tumor tissues (Fig. 11A). Further analysis of somatic mutations revealed single-nucleotide mutations in TET1, TET2, TET3, DNMT3A, DNMT3B, NSUN2, NOP2, NSUN5, NSUN6, NSUN7, and ALKBH1 (Fig. 11B). Among them, colon cancer, lung adenocarcinoma, lung squamous cell carcinoma, skin melanoma, gastric cancer, and endometrial cancer have high single-nucleotide mutation frequencies in TET1, TET2, TET3, NOP2, and NSUN2 (Fig. 11B). Finally, the correlation between somatic mutations and gene expression was investigated, and the results show that somatic mutations in NOP2, NSUN2, NSUN3, NSUN4, NSUN5, NSUN6, and ALKBH1 were related to their gene expression (Figs. 11C and 11D).
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Figure 11: Pan-cancer analysis of m5CMRs. (A) Pan-cancer analysis of the expression levels of 14 m5CMRs. (B–C) Pan-cancer analysis of the somatic mutation of 14 m5CMRs. (D) Pan-cancer analysis of the correlation between somatic mutation and expression levels of m5C methylation regulators.

Clinical significance of m5CMRs

Univariate COX regression analysis on 14 m5CMRs was conducted, and the results show that NSUN2, DNMT3B, ALKBH1, and YBX1 were key prognostic genes for HNSCC (p < 0.05, Table 2). This finding indicates that these four genes may be the main regulatory factors for m5C methylation in HNSCC. The four key prognostic genes were validated by analyzing the expression levels and prognostic correlations of these four genes on the HPA database (Figs. 12A–12H). The correlation between four key prognostic genes at protein expression levels and prognosis was similar to RNA expression. The high expression of NSUN2, DNMT3B, ALKBH1, and YBX1 indicates poor prognosis (Figs. 12A, 12C, 12E, 12G). In addition, at the protein expression level, the expression of four genes in the tumor tissues was significantly higher than that in the normal tissues, which is consistent with the RNA expression results (Figs. 12B, 12D, 12F, 12H).
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Figure 12: Clinical correlation analysis of hub prognostic m5C methylation regulators verified by HPA database (A) K–M survival curve of NSUN2; (B) Expression levels of NSUN2; (C) K–M survival curve of DNMT3B; (D) Expression levels of DNMT3B; (E) K–M survival curve of ALKBH1; (F) Expression levels of ALKBH1; (G) K–M survival curve of YBX1; and (H) Expression levels of YBX1.

The clinical significance of key prognostic genes was verified by selecting 10 patients with clear follow-up data and performing IHC staining on their tissue sections to calculate the H-score (Figs. 13A–13L). The 10 patients included five males and five females, and their detailed information is shown in Table 3. Subsequently, the expression of four key prognostic genes, namely, NSUN2, DNMT3B, ALKBH1, and YBX1, was detected via IHC (Figs. 13A–13H). The immunohistochemical results are consistent with our previous analysis and database results. NSUN2, DNMT3B, ALKBH1, and YBX1 are significantly overexpressed in the group with survival time shorter than 3 years (<3y group), but they have low expression in the group with survival time longer than 3 years (≥3y group) (Figs. 13C, 13F, 13I, 13L). The difference between the two groups is statistically significant. This result suggests that NSUN2, DNMT3B, ALKBH1, and YBX1 are closely related to the prognosis of HNSCC, and are potential therapeutic targets.
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Figure 13: (A) High expression of ALKBH1; (B) Low expression of ALKBH1; (C) Distribution of H-score of ALKBH1; (D) High expression of NSUN2; (E) Low expression of NSUN2; (F) Distribution of H-score of NSUN2; (G) High expression of DNMT3B; (H) Low expression of DNMT3B; (I) Distribution of H-score of DNMT3B; (J) High expression of YBX1; (K) Low expression of YBX1; and (L) Distribution of the H-score of YBX1. *p < 0.05, **p < 0.01, ***p < 0.001.
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Discussion

Head and neck squamous cell carcinoma is a highly heterogeneous malignant tumor, and its carcinogenesis is a complex biological process that involves multiple molecules and mechanisms (Mroz et al., 2020; Parikh and Puram, 2022). In recent years, the advancement of gene-level sequencing technology has revealed that genetic information within the genome is not solely determined by the arrangement and combination of basic base sequences. It is also subject to epigenetic regulations at various levels, including DNA methylation and histone modification (Dimitrova et al., 2019; Liu and Pan, 2016). Numerous studies have highlighted the significant role of RNA m5C methylation in the development and treatment of various tumors, particularly in tumor suppression (Chen et al., 2019; Hu et al., 2021; Song et al., 2022). Therefore, focusing on m5CMRs could enhance the effectiveness of immunotherapy treatments. The inhibition of YBX1 can downregulate the expression of PD-L1 and activate T cells in a tumor microenvironment (Maurya et al., 2017). One study found that high expression level of m5C regulator in tumor cells increases the infiltration of M2-type macrophages and reduces the percent of M1-type macrophages (Jin et al., 2022). Another study revealed that elevated expression levels of m5C regulators correlated with decreased immune activity in TILs such as DCs, NK cells, and CD8 T cells in oral squamous cell carcinoma. However, most research tends to focus on individual TME cell types or single m5C regulators, and the collective effects of multiple m5C regulators on the overall characterizations of TME infiltration are not yet fully understood. Therefore, a deeper investigation of the expression of m5CMRs in HNSCC could illuminate the hidden molecular mechanisms, thereby uncovering potential biomarkers and therapeutic targets for HNSCC.

In this study, 14 m5C regulators were used as basis to discover two unique m5C methylation modification patterns. These patterns each exhibit significantly disparate characteristics in terms of TME cell infiltration. The m5Ccluster A is linked with an increased infiltration of B cells, Macrophages, CD4 T cells, and CD8 T cells, which corresponds to a hot tumor phenotype. Conversely, m5Ccluster B is associated with a heightened infiltration of neutrophils, indicating a cold tumor phenotype. These results are similar to some previously published (Jin et al., 2022; Maurya et al., 2017). This suggested that m5C methylation can affect the TME infiltration patterns in HNSCC. In line with the aforementioned results, the m5Ccluster B displayed a high metabolic status, including highly expressed pathways such as ascorbate, alarate, tryptophan, glycine, serine, threonine, and histidine metabolism. These pathways are typically associated with immunosuppressive properties. Considering the characteristics of TME cell infiltration in each m5Ccluster, it substantiates the dependability of our classification of immune phenotypes for varying m5C modification patterns. Hence, after thoroughly investigating the TME cell infiltration characteristics prompted by unique m5C modification patterns, the m5Ccluster A is expected to exhibit a favorable prognosis. Additionally, our research has confirmed that the differences in the mRNA transcriptome between distinct m5C modification patterns are significantly linked to m5C and immune-related biological pathways. These DEGs were identified as m5C-related signature genes. Echoing the clustering results of the m5C modification phenotypes, two genomic subtypes were discerned based on m5C signature genes. These subtypes exhibited a significant correlation with both favorable and poor prognosis, further underscoring the pivotal role of m5C modification in crafting various TME landscapes. A comprehensive analysis of m5C modification patterns will enhance our understanding of TME cell infiltration characteristics. Considering the individual heterogeneity of m5C modification, the m5C modification patterns of individual tumors need to be measured. For this purpose, a scoring system was established herein to assess the m5C modification patterns and m5Cscore of individual patients with head and neck squamous cell carcinoma. The m5C modification pattern characterized by cold tumors showed a higher m5Cscore, while the pattern characterized by hot tumors displayed a lower m5Cscore. In addition, in the GSE195832 and GSE123813 cohort with the determined immune phenotype, the m5Cscore was associated with the outcome of immunotherapy, indicating that m5C participates in immunotherapy. Interestingly, epithelial cells have higher level of m5Cscore than other cells. Moreover, compared with the epithelial cell with low m5Cscore, the epithelial cell with high m5Cscore had a close communication to T cells. Further cellchat analysis found that high-m5Cscore epithelial cells interact actively with T cells in the MIF-(CD74 + CXCR2) pathway. These results suggested that high-m5Cscore epithelial cells inhibited T cell function to affect the efficacy of immunotherapy.

The hub m5CMRs in HNSCC were screened by conducting univariate COX regression analysis of 14 m5CMRs, and NSUN2, DNMT3B, ALKBH1, and YBX1 were identified as critical prognostic genes for HNSCC. The expression of NSUN2, DNMT3B, ALKBH1, and YBX1 proteins is consistent with the RNA sequencing analysis results based on HPA data. These proteins were highly expressed in the tumor sites of head and neck squamous cell carcinoma and were associated with a poorer survival prognosis in patients. To confirm our findings, we utilized clinical tissue samples of head and neck squamous cell carcinoma collected for immunohistochemical staining. The results showed that NSUN2, DNMT3B, ALKBH1, and YBX1 were moderately to highly positive in tumor tissues, but they were weakly positive or not present in corresponding healthy tissues. NSUN2, a member of the NOP2/Sun domain family, is a key enzyme involved in catalyzing m5C in mRNA (Blanco et al., 2016; Yang et al., 2017). It plays a vital role in the methylation modification of mRNA, tRNA, and microRNA and is significantly linked to cancer development. NSUN2 expression is heightened in malignant tumors such as head and neck squamous cell carcinoma and esophageal squamous cell carcinoma (Li et al., 2018; Lu et al., 2018). Alshaker Heba and others revealed that NSUN2 mRNA and protein expression levels were elevated in breast cancer, but a low expression level was observed in normal breast epithelial cells and tissues (Alshaker et al., 2019). Reducing the NSUN2 gene lowered the growth and migration potential of breast cancer cells, while an increase in NSUN2 amplified these abilities (Alshaker et al., 2019). Wang et al. (2023) observed in their study of bladder urothelial carcinoma that ALYREF could identify the heavily methylated m5C site NSUN2, causing NSUN2 to rise in bladder urothelial carcinoma. Clinically, patients with an increase in the co-expression of the ALYREF/RABL6/TK1 axis have the worst overall survival rate (Wang et al., 2023). These findings highlight the m5C-dependent mutual regulation between the nuclear reader ALYREF and the m5C writer NSUN2, leading to the progression of bladder urothelial carcinoma by activating oncogenic RNA through promoting splicing and maintaining stability. DNMT3B (DNA methyltransferase 3B) is a DNA methyltransferase, which is a key enzyme in DNA methylation that can stimulate tumor cell proliferation, migration, and invasion by regulating the promoter of the regulator gene (Caputi et al., 2021; Chang et al., 2021). Research in bladder urothelial carcinoma showed that the DNMT3B-mediated methylation of the transfer inhibitory factor 1 (MTSS1) promoter can suppress its transcription at the epigenetic level (Li et al., 2016). The ALKB homolog 1 (ALKBH1) is a 2-oxo-neneneba glutaric acid (2-OG or α-KG) and iron (II) dependent dioxygenase, which exhibits six diverse enzyme activities (Ma et al., 2019; Tian et al., 2020). Its removal activity can catalyze the elimination of m6A (N6-methyladenosine), m5C, and m3C (3-methylcytidine) from DNA (Esteve-Puig et al., 2020). ALKBH1 is an enzyme of significant importance in cellular life processes, because it catalyzes the removal of m6A (N6-methyladenosine), m5C, and m3C (3-methylcytidine) from DNA. A deficiency in ALKBH1 can lead to serious developmental abnormalities and neurodevelopmental disorders in mammals. Recent studies have linked ALKBH1 to the initiation and progression of tumors (Esteve-Puig et al., 2020). It can lower DNA m6A methylation and stimulate the self-renewal and tumorigenicity of glioma (Esteve-Puig et al., 2020). However, it can suppress RNA m6A methylation, thus promoting lung cancer progression. YBX1 is a versatile protein that can bind to DNA and RNA. It possesses three domains, namely, the classical Cold shock response protein domain (CSD), the alanine/proline-rich N-terminal domain (A/P domain), and the lengthy C-terminal domain (CTD) featuring alternating positive and negative amino acids (Kuwano et al., 2019; Liang et al., 2019). YBX1 is implicated in various gene disorders related to cell proliferation and survival, drug resistance, and chromatin instability in cancer (Hong et al., 2022; Maier et al., 2019).

In conclusion, the m5Cscore can be utilized in a clinical environment to offer a thorough evaluation of m5C methylation modification patterns and their associated TME cell infiltration characteristics specific to each patient. This information can aid in pinpointing tumors’ immune phenotypes, offering invaluable insights to refine clinical practices for enhanced outcomes. Furthermore, m5Cscore could serve as an independent prognostic indicator for forecasting patients’ survival rates. The effectiveness of patients’ clinical response to antiPD-1/PD-L1 immunotherapy could also be predicted using the m5Cscore. Most importantly, this research has generated several innovative perspectives for cancer immunotherapy. Targeting m5C regulators or m5C phenotype-related genes to alter the m5C modification patterns and subsequently reverse the unfavorable TME cell infiltration characteristics, specifically transforming “cold tumors” into “hot tumors”. These outcomes are instrumental in advancing the development of new drug combination strategies or novel immunotherapeutic agents in the future. Our findings offer fresh insights for enhancing patients’ clinical response to immunotherapy, identifying distinct tumor immune phenotypes, and fostering personalized cancer immunotherapy in the future. Nevertheless, considering the small size of the clinical sample and lack of extended follow-up data, the sample size needs to be increased to further examine their correlation with clinical medical records parameters and the survival prognosis of patients with this condition. Future work will involve experiments in cell lines and animal models to delve into the biological functions and molecular mechanisms of NSUN2, DNMT3B, ALKBH1, and YBX1 in relation to head and neck squamous cell carcinoma cells.

Conclusion

The m5C methylation gene is linked to the prognosis of head and neck squamous cell carcinoma. Varying m5C methylation regulatory patterns are involved in head and neck squamous cell carcinoma, in which the groups with high m5C methylation demonstrated an immunosuppressive microenvironment. The m5C methylation score of epithelial cells in head and neck squamous cell carcinoma is higher than that in other cells, and the m5C methylation in these epithelial cells influences the tumor’s anti-tumor immune capability. NSUN2, DNMT3B, ALKBH1, and YBX1 are key prognostic genes for m5C methylation and may be primary regulatory genes for m5C methylation in head and neck squamous cell carcinoma, which is linked to a poor prognosis.
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TABLE 1

Information about head and neck squamous cell carcinoma

samples form databases

Database ID Number
TCGA TCGA-HNSCC 546
GEO GSE41613 97

GEO GSE42743 74

GEO GSE68585 270
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Information of clinical validation cohort

TABLE 3

ID Gender Age Location TNM Group
Patient-01 Female 38 Buccal T2NOMO >3y
Patient-02 Female 48 Gingiva T2N1MO >3y
Patient-03 Female 53 Tongue T2NOMO >3y
Patient-04 Male 38 Buccal T3N1MO >3y
Patient-05 Male 42 Buccal T2N1MO >3y
Patient-06 Male 54 Gingiva T3N1MO <3y
Patient-07 Female 37 Oropharynx T2N2MO <3y
Patient-08 Male 26 Maxillary T3NOMO <3y
Patient-09 Female 19 Palte T2NOMO <3y
Patient-10 Male 38 Buccal T3N2MO <3y
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TABLE 2

Univariate COX regression analysis of m5C methylation regulators

Genes HR (95% CI) p value
NSUN2 1.35 (1.06, 1.73) 0.02
DNMT3B 1.14 (1.00, 1.31) 0.04
ALKBH1 1.66 (1.16, 2.37) 0.01
YBX1 1.44 (1.06, 1.96) 0.02
NOP2 1.25 (0.95, 1.63) 0.11
NSUN3 1.11 (0.89, 1.38) 0.34
NSUN4 1.08 (0.74, 1.56) 0.69
NSUN5 1.06 (0.80, 1.40) 0.68
NSUN6 0.95 (0.76, 1.19) 0.64
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TET1 1.07 (0.96, 1.20) 0.21
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DNMT3A 0.83 (0.64, 1.08) 0.17






OEBPS/Images/Biocell-47-43291-f005.png
(B)

1.00
m5Cscore
=~ Low
0.75. == High
z
o
]
s
4 0.50
£
2
>3
n
0.25
0.00
o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Time(years)
° Number at risk
§L0W 623 503 343205138 84 41 22 12 11 9 8 6 5 3 2 1 1 0 O
QHigh{ 300220134 63 41 25 13 7 4 2 2 1 1 1 1 0 0 0 0 0
£ o 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Time(years)
m5Ccluster geneCluster m5Cscore Fustat
H H
3 £
25 g 8
gefsy z 3 e, £ F
BBLTE Be: L 3
888 ;s.g H 3 2
5% @ 5
L HHA, ) (E)
.§§ £Et 28 m5Ccluster 53 A 3 B geneCluster B3 A 51 B
Si388552EE8 .
8@« *® - -
Actvated B.celna @) ® @ * +@® p<222e-16 p<222e-16
Activated.CD4.Teellna @ @ * *® 08 20 . 20 .
06
CDS6bright.natural killer.celina. @) *
CoS6dm natural ilerceina @) x ® 10 10
* 04
* 4 4
* 02 § 0 § 0
Q Q
e} '3
° E_10 E_10
* o
* -02 B
. ~20 -20 :"
* -04 4 o
0
B s -30 . -30 .
A B A B

-08 m5Ccluster geneCluster

-1





OEBPS/Images/Biocell-47-43291-f007.png
(A) _ B) _
mb5cscore . Low . High mb5cscore . Low . High

11 11
0.00056 |
9e-06
10
%3 9 j=2}
o [}
N <9
T b3
g J
g7 g o
3 3
© ks
{7
5 e
6
3 5
Low High Low High
mb5cscore mbcscore

(©) m&cscore [ Low [l High D) m&cscore [l Low [l High

11
0.25
10
9
[} [
8 2
<! _
g Ex
g 2
5 ! 5
< <
o o
‘GI s|
8 &6
5
3 4

Low High Low High
mb5cscore mb5cscore





OEBPS/Images/copy.png





OEBPS/Images/Biocell-47-43291-f010.png
(G)

m5Cscore

°
°
.
o
o
.
.
.

© Responder
© Non-Responder

© pre-Responder

post-Responder
pre-Non-Responder
post-Non-Responder

cecececcccescccesce
= g

E

)

saseataiies

]
33

02

R~
[ ot—,

eNon-Respondr

11

CD4_T_cells

CD8_mem_T_cellsCD8_ex_T_cells CD8_act_T_cells

NK_cells

pDCs

Melanocytes





OEBPS/Images/Biocell-47-43291-f003.png
(B)

consensus matrix ks2

© erasers
© readers
® writers

© Risk factors
© Favorable factors

NSUNT DNMT3A

—— Postive correlation with p<0.0001

—— Negative correlation with p<0.0001
Cox test, p-value

@ @0 @01 @005 @1

1.00

075

Z

£

3

3

2

5050

K]

2z

4

5

@

025

0.00

0 1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20
Time(years)

5 Number at risk

£ A{ 31925317910978 4620 9 4 3 2 2 2 1 1 0 0 0 0 0 O
§ B 60447029815910163 34 20 12 10 9 7 5 5 3 2 1 1 0 0 0
£ 0 1 2 3 4 5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20

Time(years)

Jifl I‘H‘I Wﬂl\ \‘\ H [ }H ‘H‘ = l1 E
H}‘H I “‘ ‘ \} l{ H\‘ \ H\W “‘ M |’”’lll

\ H\I\ HIH \I ‘ HH\‘HH\’H

‘ ‘\ \ I‘ )H
\|H MH ‘\‘\Hl }l | H‘ | W HI‘\ H{HHHH"‘IIV || eoo.omeun. ceu_siowins i veucossoen pvion vecrion
HHW ‘H\ H (i ’ | Mchmmm;.mw '

|| MEIRTERY [ mM

Ik Hl’\‘\ il
HIIH ‘

‘}\ il P —

KEGG_GLYCINE_SERINE_AND_THREONINE_METABOLISM.

KEGG,HSTONE METEOUSH

| reo.omuo wemaousu cxrocumovepiso
KEGGARACHIDONC_ACID_ NETABOLSM

|| vecamsre_mrsoveron

KEGS_PRIARY_JMNUNGOEFICENCY

KEGG,INTESTINAL IVMUNE_NETWORI_FOR_JGAPROBUCTION

|| xeco psmoun

||| reso.cmscrose uemeousu

KEGG_BLADDER_CANCER

“\HH‘ |||I ||[ | IIJIF

KEGG_NOD_LIKE_RECEPTOR_SIGNALING_PATHWAY

KEGG_PROTEASOME
KEGG_SNARE_INTERACTIONS.IN_VESICULAR_TRANSPORT

| [y ——

KEGG_BASAL_TRANSCRIPTION_FACTORS

GSE41613
GSE42743

0

| GsEesess
TCGA

-2

©

. .
5.0 A
25
m5Ccluster
§ . oA
0.0 * B
25
5.0 .
-3 0 3 6
PC1
mSCcluster E5 A 5 B
o0l - " g [ hs % ns s
s .
.
H o |t o, o o s
075740 . . oe § o, T
_é se % . R o s
£ . . o 10
£ 950 A
2 H
.
£ : .
1] s °
0.25 . H
3
H .
0.00
Tt R T FE IO
FEL PP ELES TSI EIL PP LS
P S EE T E T E G EEFEITE LSS
ST IS & e § FSTFTILE F S EREE
SEFFLE CFTS ¢ NIGIEII PN
Y@q}e}qp‘a’?a}@ &S FF ST S
FESLSS £ &< RSN
P Es S o & & & S
v vov?b & &6‘
& ° <&

il ” | ‘H ”H\‘H V HIIH \HI‘”\ Illul\lH \‘\ M ‘\‘ I‘ ||\ H I‘;! \Il {\ [ II‘\HH HHH \H‘\l

”'H)Iq;‘w i i ‘\ [\
“ it H ‘\ | Ill‘ HM\ I

|]::i

F«uh

(=
s

sem'm
usm
Teea

msCeluser
A

| owran

i

””'\Wﬂ‘\M\u

AR L I
i
Il}

w |

onwTse

)
HHHHH ‘ i Ihl}[” I et i |
-

e ] HIIHl\W\ i HHH e

=

it I‘HH |I. | ‘
H ‘ N M ) I HWI{"}""

| |I{ \I W \ |NII I





OEBPS/Images/Biocell-47-43291-f012.png
(A) B)

NSUN2 —— High — Low

100
®
2
4
3
2
E 50
o
>
o
p =0.0558
0 T T T T 1
0 10 15 20
Time (years)
© D)
DNMT3B —— High + Low
100
®
2
4
3
= 50
o
p=0.0772
c 1 1 T | 1
0 5 10 15 20
Time (years)
E) (F)
ALKBH1 —— High —* Low
100
®
2
4
3
= 50
o
p =0.0548
c 1 1 T Ll 1
0 5 10 15 20
Time (years)
G) (H)
YBX1 — High — Low
100
®
2
4
3
"
? 50
o
>
o
p =0.0096
0 T T T T 1
0 10 15 20

Time (years)





