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Despite great advances in the treatment of liver hepatocellular carcinoma (LIHC), such as immunotherapy, the prognosis remains extremely poor, and there is an urgent need to develop novel diagnostic and prognostic markers. Recently, RNA methylation-related long non-coding RNAs (lncRNAs) have been demonstrated to be novel potential biomarkers for tumor diagnosis and prognosis as well as immunotherapy response, such as N6-methyladenine (m6A) and 5-methylcytosine (m5C). N7-Methylguanosine (m7G) is a widespread RNA modification in eukaryotes, but the relationship between m7G-related lncRNAs and prognosis of LIHC patients as well as tumor immunotherapy response is still unknown. In this study, based on the LIHC patients’ clinical and transcriptomic data from TCGA database, a total of 992 m7G-related lncRNAs that co-expressed with 22 m7G regulatory genes were identified using Pearson correlation analysis. Univariate regression analysis was used to screen prognostic m7G-related lncRNAs, and the least absolute shrinkage and selection operator (LASSO) and multivariate Cox regression were applied to construct a 9-m7G-related-lncRNA risk model. The m7G-related lncRNA risk model was validated to exhibit good prognostic performance through Kaplan–Meier analysis and ROC analysis. Together with the clinicopathological features, the m7G-related lncRNA risk score was found to be an independent prognostic factor for LIHC. Furthermore, the high-risk group of LIHC patients was unveiled to have a higher tumor mutation burden (TMB), and their tumor microenvironment was more prone to the immunosuppressive state and exhibited a lower response rate to immunotherapy. In addition, 47 anti-cancer drugs were identified to exhibit a difference in drug sensitivity between the high-risk and low-risk groups. Taken together, the m7G-related lncRNA risk model might display potential value in predicting prognosis, immunotherapy response, and drug sensitivity in LIHC patients.
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INTRODUCTION
Liver hepatocellular carcinoma (LIHC), accounting for approximately 90% cases of the liver non-metastatic tumors, is a global health problem with increasing incidence and mortality (Llovet et al., 2021). For early-stage LIHC, hepatic resection and local ablative therapy are the standard clinical treatment manners (Kamarajah et al., 2021). Owing to insidious onset, rapid progression, and difficulties in early diagnosis, the majority of LIHC patients are first diagnosed at an advanced stage, at which point therapeutic options are limited and ineffective. In the past decade, molecular targeted therapy has become the mainstay of the treatment in advanced-stage LIHC, mainly including sorafenib and lenvatinib as first-line therapy, and regorafenib and ramucirumab, as well as cabozantinib as second-line therapy (Huang A. et al., 2020). Excitingly, immunotherapies, especially immune checkpoint inhibitors (ICIs), have rapidly developed in the past few years and have been proven to be an effective treatment for LIHC with long-term survival (Llovet et al., 2022). At present, nivolumab and pembrolizumab, two anti-PD-1 antibodies, have been used in the clinical treatment of LIHC (Wong et al., 2021). However, LIHC is easy to metastasize and develop drug resistance and has a special tumor immune microenvironment (TIME) (Oura et al., 2021); thus, the current therapeutic effect and prognosis of LIHC patients are still not optimistic, and more novel accurate molecular biomarkers are needed to improve the diagnostic and treatment efficacy of LIHC patients.
Long non-coding RNAs (lncRNAs) are featured as more than 200 nucleotides in length and lack the ability of protein coding. LncRNAs have similar structures to mRNA, including 5′-cap, 3′-poly(A) tail, and promoter structure and can be transcribed by RNA polymerase II (Statello et al., 2021). The number of lncRNAs encoded by human is huge and exceeds 170,000 (Zhao et al., 2021). LncRNAs can modulate gene expression in both cis- and trans-manners at the transcriptional, epigenetic, and post-transcriptional levels and have been demonstrated to be critical regulators of the development and progression of cancer, including LIHC (Gao et al., 2020).
In recent years, epigenetic modifications of lncRNA, such as N6-methyladenine (m6A) and 5-methylcytosine (m5C), have been found to be associated with carcinogenesis and the development of multiple cancers (Wang et al., 2020; Zhang et al., 2021). N7-Methylguanosine (m7G) is a kind of positively charged RNA modification, which is generated by the addition of a methyl group to the N7 atom of guanine (G) by RNA methyltransferase, such as METTL1 (Orellana et al., 2021). M7G modifications are widely present in various RNA molecules including mRNA 5′ cap structure, internal mRNA, transfer RNA (tRNA), rRNA ribosomal RNA (rRNA), and primary microRNA (pri-miRNA), as well as lncRNA, and it has been revealed that m7G can modulate mRNA transcription, mRNA translation, splicing, tRNA stability, nuclear processing, 18 S rRNA maturation, and miRNA biosynthesis (Malbec et al., 2019; Pandolfini et al., 2019; Wang et al., 2022). Similar to m6A and m5C, m7G was recently demonstrated to play fundamental roles in LIHC. For example, METTL1, an m7G methyltransferase, has been linked to advanced tumor stage, vascular invasion, and poor prognosis in LIHC patients and facilitates tumor progression through increasing m7G tRNA modification and promoting translation of target mRNAs (Tian et al., 2019; Chen et al., 2021). Unfortunately, the specific function of m7G-related lncRNAs in the prognosis of LIHC patients remains unclear. Thus, a novel m7G-related lncRNA signature may be helpful in prognostic prediction and treatment response evaluation in LIHC.
In this study, based on the LIHC patients’ clinical and transcriptomic data from TCGA database, a total of 992 m7G-related lncRNAs that co-expressed with 22 m7G regulatory genes were identified using Pearson correlation analysis. Univariate regression analysis was used to screen prognostic m7G-related lncRNAs, and the least absolute shrinkage and selection operator (LASSO) and multivariate Cox regression were applied to construct a 9-m7G-related-lncRNA risk model. The risk model was further verified by Kaplan–Meier analysis and ROC analysis. Furthermore, the roles of the risk model in evaluating tumor mutation burden, immune microenvironment, and immunotherapy response as well as drug sensitivity were explored. In summary, we constructed a 9-m7G-related-lncRNA risk model which may provide promising prognostic value and play essential roles in predicting immune therapy response and chemotherapy sensitivity.
MATERIALS AND METHODS
Data Source and Preprocessing
The transcriptome data, mutation data, and corresponding clinicopathological data of LIHC patients were obtained from TCGA database (https://portal.gdc.cancer.gov/) on 8 February 2022. There were 371 LIHC samples and 50 normal subjects. The expression matrix of these primary samples was normalized in the R package “DESeq2” by variance stabilizing transformation function, and each normalized count was formulated in log2(X +1), where X is each of the normalized counts. Moreover, LIHC patients with missing OS status and times were deleted to reduce bias in statistical analysis.
Selection of m7G Regulator Genes and m7G-Related lncRNAs
A total of 22 m7G modification-related genes were screened from the published literature works, namely, METTL1 (Ma et al., 2021), WDR4 (Ma et al., 2021), DCP2 (Wurm and Sprangers, 2019), DCPS (Wulf et al., 2019), NUDT2 (Song et al., 2013), NUDT3 (Song et al., 2013), NUDT12 (Song et al., 2013), NUDT15 (Song et al., 2013), NUDT16 (Song et al., 2013), NUDT17 (Song et al., 2013), AGO2 (Kiriakidou et al., 2007), CYFIP1 (Napoli et al., 2008), EIF4E (Napoli et al., 2008), EIF4E2 (Rosettani et al., 2007), EIF4E3 (Osborne et al., 2013), EIF3D (Lee et al., 2016), EIF4A1 (Chu et al., 2020), EIF4G3 (Haghighat and Sonenberg, 1997), GEMIN5 (Bradrick and Gromeier, 2009), LARP1 (Philippe et al., 2018), NCBP1 (Dou et al., 2020), and NCBP2 (Dou et al., 2020). After the annotation of the expression matrix of LIHC samples, the profiles of 22 m7G regulator genes and 13,541 lncRNAs were obtained. Then, a preliminary screening was performed based on the rule that the median expression/variance of each generally changed lncRNA in every sample was 20% higher than the total median expression/variance of all lncRNAs in every patient (Luo et al., 2018), and 4,464 distinctively expressed lncRNAs were screened for further Pearson’s correlation analysis. Finally, 992 m7G-related lncRNAs were identified under the criterion of |correlation coefficient| > 0.3 and p-value < 0.01.
Construction of the Prognostic Risk Model of m7G-Related lncRNAs
The entire LIHC patients were separated into a training set (n = 219) and testing set (n = 146) randomly, and the m7G-related lncRNA risk model was constructed based on the training set. First of all, prognostic lncRNAs were selected from 992 m7G-related lncRNAs using univariate regression analysis, and then LASSO-penalized Cox regression was further adopted to optimize indicators predicting clinical outcome by using the R package “glmnet.” Finally, a 9-m7G-related-lncRNA prognostic risk model was constructed by multivariate regression analysis. The risk score was computed in the following manner: risk score = coef (lncRNA1) × expr (lncRNA1) + coef (lncRNA2) × expr (lncRNA2) + … + coef (lncRNAn) × expr (lncRNAn). In this formula, the coefficient and corresponding expression value of each lncRNA were calculated, respectively.
Validation and Evaluation of the Prognostic Risk Model of m7G-Related lncRNAs
The entire LIHC patients and the testing set were applied to validate the efficacy of the 9-m7G-related lncRNA risk model. Based on the median risk score, LIHC patients were categorized into high- and low-risk groups. Principal component analysis (PCA) was conducted to visualize the grouping ability of high-dimensional data in the entire gene set, 22 m7G regulator gene set, 992 m7G-related lncRNAs, and 9 m7G-related lncRNAs expression profiles. The R packages “survival” and “survminer” were adopted to perform KM survival analysis to analyze the differences in the overall survival (OS), disease-specific survival (DSS), disease-free interval (DFI), and progression-free interval (PFI) between the two risk groups. The 1-year, 3-year, and 5-year area under the ROC (AUROC) values were calculated to evaluate the predicting performance of the risk model.
Independence of the 9-m7G-Related-lncRNA Risk Model in LIHC Patients
We stratified the clinicopathological features of LIHC patients according to age, gender, grade, and stage and analyzed the difference of OS between the two risk groups in the entire set. Moreover, univariate and multivariate Cox regression analyses were calculated to further evaluate the independent prognostic factors in LIHC patients, such as m7G-related lncRNA risk score, age, gender, grade, and stage. The ROC curve of each clinicopathological feature was drawn to show its prognostic value.
The Predictive Ability of the Nomogram in LIHC Patients
We constructed the nomogram consisting of clinicopathological features (including age, gender, tumor grade, and stage) along with the m7G-related lncRNA risk score to predict the survival status in entire LIHC patients. Moreover, the calibration curve was plotted to evaluate the consistency between the actual and predicted survival of 1-, 3-, and 5-year OS.
Evaluation of the Tumor Immune Microenvironment Using the Risk Model
KEGG analysis was performed to identify the changed pathways between the two risk groups. KEGG gene sets were downloaded from the MSigDB (https://www.gsea-msigdb.org/gsea/msigdb/), and gene set enrichment analysis (GSEA) of KEGG pathways was implemented using the R package “clusterProfiler.” To evaluate the immune landscape in LIHC patients among different risk groups, we used the R package “GSVA” to perform single-sample GSEA (ssGSEA) to quantify the infiltration level of 28 immune cell types and 13 immune-related functions in each sample.
Exploring the Immunotherapeutic Treatment Response Targeting the Risk Model
The tumor mutation burden (TMB) was estimated by using the R package “maftools” in both risk groups. The KM survival analysis was performed to analyze the differences in the OS stratified by TMB status and m7G-related lncRNA risk scores in LIHC patients. The tumor immune dysfunction and exclusion (TIDE) score (http://tide.dfci.harvard.edu/) was calculated to evaluate the response to immunotherapy. Furthermore, the expression level of immune checkpoint molecules, such as CD274, PDCD1LG2, LAG3, SIGLEC15, TIGIT, IDO1, CTLA4, and CD276, was compared between the two risk groups in entire LIHC patients.
Identification of Novel Candidate Compounds for Chemotherapy Based on the Risk Model
To identify novel candidate compounds in LIHC patients for clinical practice, the half-maximal inhibitory concentration (IC50) of 138 compounds obtained from the Genomics of Drug Sensitivity in Cancer (GDSC) database was calculated for each LIHC patient by using the R package “pRRophetic,” and the value of IC50 of each compound between the two risk groups was compared separately.
RESULTS
Identification of m7G-Related lncRNAs in LIHC Patients
The workflow of this study is described in detail in Figure 1. Initially, we totally screened 22 m7G regulatory genes, including 2 “writers,” 8 “erasers,” and 12 “readers” through literature retrieval, and most of them (16/22) were found to be significantly changed in LIHC (p < 0.05) based on TCGA data (Figure 2A). To identify m7G-related lncRNAs in LIHC, expression data of 13,541 lncRNAs in the LIHC cohort was obtained from TCGA database, and 4,464 generally changed lncRNAs with distinctive expression among different LIHC patients were obtained through preliminary screening. Then, we performed correlation analysis and filtered 992 m7G-related lncRNAs under the filter criterion of |correlation coefficient| > 0.3 and p-value < 0.01. The network of m7G regulators and corresponding lncRNAs was illustrated using the Sankey diagram (Figure 2B).
[image: Figure 1]FIGURE 1 | Detailed workflow of this study.
[image: Figure 2]FIGURE 2 | Identification of m7G-related lncRNAs in LIHC patients. (A) Heatmap showed the differences in the expression of m7G regulators between LIHC and normal groups. (B) Sankey diagram displayed the relationship between 22 m7G genes and 992 m7G-related lncRNAs.
Construction and Validation of a 9-m7G-Related-lncRNA Risk Model for LIHC Patients
The entire LIHC patients were separated into a training set (n = 219) and testing set (n = 146) in a random manner, and the clinical features are comparable between these two sets (p > 0.05) (Supplementary Table S1). First, 41 prognostic lncRNAs were selected from 992 m7G-related lncRNAs using univariate regression analysis in the training set, which revealed to be correlated with OS (p < 0.05), and half of them (20/41) were risk factors (hazard ratio, HR > 1) in LIHC (Figure 3A). Next, 20 m7G-related lncRNAs were further screened by LASSO regression analysis (Figures 3B,C), which can effectively reduce characteristics in high-dimensional data and optimize indicators predicting clinical outcome. Finally, a 9-m7G-related-lncRNA prognostic risk model was constructed by multivariate regression analysis (Figure 3D). The risk score was computed in the following manner: risk score = (−0.199 × SOCS2-AS1 expression) + (−0.368 × RP5-1171I10.5 expression) + (−0.160 × RP11-588H23.3 expression) + (0.167 × RP11-43F13.3 expression) + (−0.192 × RP11-10A14.3 expression) + (0.154202559 × RP11-95O2.5 expression) + (−0.194843224 × NAV2-AS4 expression) + (0.149322014 × RP11-519G16.5 expression) + (0.168349973 × RP11-874J12.4 expression). The correlation between m7G regulator genes and 9 m7G-related lncRNA expressions was also visualized in Supplementary Figure S1. Moreover, LIHC patients in the entire set were categorized into high- and low-risk groups based on the median risk score, and the grouping ability of this prognostic risk model was verified by PCA analysis. Results showed that the expression of the entire genes, 22 m7G regulator genes and 992 m7G-related lncRNAs, showed diffused distribution in both the risk groups (Figures 3E–G), whereas the expression of 9 m7G-related lncRNAs included in this prognostic risk model was well divided into two clusters with different risks (Figure 3H).
[image: Figure 3]FIGURE 3 | Construction of a m7G-related lncRNA risk model for LIHC patients. (A) Forest plot showed 41 prognostic lncRNAs screened via univariate regression analysis. (B) LASSO regression of 20 m7G-related lncRNAs. (C) Cross-validation in LASSO regression. (D) Forest plot displayed 9 m7G-related lncRNAs selected by multivariate regression analysis. (E) PCA based on entire LIHC gene expression profiles in the two groups. (F) PCA based on 22 m7G regulator gene expressions in the two groups. (G) PCA based on 992 m7G-related lncRNA expressions in the two groups. (H) PCA based on 9 prognostic m7G-related lncRNA expressions in the two groups.
To evaluate the prognostic efficacy of this model, we applied this risk score formula into different datasets. For the training set, we arranged the LIHC patients according to the risk score, and the heatmap showed that the expression pattern of the 9 m7G-related lncRNAs was different, and the scatter plot revealed that patients with a higher risk score featured worser living status (Figures 4A–C). The KM survival analysis indicated that high-risk patients had shorter OS than low-risk patients (p < 0.001) (Figure 4D). In addition, the predicting performance of the risk model was calculated with ROC curves, and AUROC of 1, 3, and 5 years for OS was 0.818, 0.880, and 0.902, respectively (Figure 4E). For the testing and entire set, the risk score distribution, heatmap of lncRNA expression, and scatter plot of survival status and risk score are depicted in Figures 5A–C and Supplementary Figures S2A–C, respectively. The survival analysis also showed that high-risk patients had shorter OS than low-risk patients in both testing and entire sets (Figure 5D; Supplementary Figure S1D). The AUROC of 1, 3, and 5 years for OS in the testing set was 0.771, 0.707, and 0.637 (Figure 5E) and in the entire set was 0.801, 0.811, and 0.777 (Supplementary Figure S2E). To further validate the capability of the prognostic risk model, we explored the difference in DSS, DFI, and PFI between the two groups and found that DSS, DFI, and PFI was also longer in low-risk patients (Supplementary Figures S3A–F). Taken together, the 9-m7G-related-lncRNA risk model possessed optimal prognostic efficacy in LIHC patients.
[image: Figure 4]FIGURE 4 | Prognostic value of the 9-m7G-related-lncRNA risk model between the two groups in the training set. (A) Distribution of the risk score (the x-axis represented the LIHC patients arranged according to the risk score, and the y-axis represented values of the risk score for each patient). (B) Scatter plot of survival status and risk score (the x-axis represented the LIHC patients arranged according to the risk score, and the y-axis represented the survival time of each patient). (C) Heatmap of the expression profile of the 9 m7G-related lncRNAs. (D) KM curves displayed the OS of LIHC patients between high- and low-risk groups. (E) ROC curves of the risk model of 1, 3, and 5 years for OS.
[image: Figure 5]FIGURE 5 | Prognostic value of the 9-m7G-related-lncRNA risk model between the two groups in the testing set. (A) Distribution of the risk score (the x-axis represented the LIHC patients arranged according to the risk score, and the y-axis represented values of the risk score for each patient). (B) Scatter plot of survival status and risk score (the x-axis represented the LIHC patients arranged according to the risk score, and the y-axis represented the survival time of each patient). (C) Heatmap of the expression profile of the 9 m7G-related lncRNAs. (D) KM curves displayed the OS of LIHC patients between high- and low-risk groups. (E) ROC curves of the risk model of 1, 3, and 5 years for OS.
Risk Score Based on the 9-m7G-Related-lncRNA Risk Model Was an Independent Prognostic Factor in LIHC Patients
We subsequently stratified the clinicopathological features of LIHC patients according to the median value of the risk score and analyzed the difference in OS between high- and low-risk groups in the entire set. The survival analysis revealed that this risk model performed well in all the subgroups stratified by age (<65 years old and ≥65 years old), gender (male and female), tumor grade (grades 1–2 and grades 3–4), and stage (stages Ⅰ–Ⅱ and stages Ⅲ–Ⅳ), and high-risk patients had a shorter OS than the low-risk group (Figures 6A–H).
[image: Figure 6]FIGURE 6 | Kaplan–Meier survival analysis stratified by age, gender, tumor grade, and stage between the high- and low-risk groups in the entire set. (A) Patients with age <65. (B) Patients with male gender. (C) Patients with tumor grade 1-2. (D) Patients with tumor stage Ⅰ–Ⅱ. (E) Patients with age ≥65. (F) Patients with female gender. (G) Patients with tumor grade 3-4. (H) Patients with tumor stage Ⅲ–Ⅳ.
To further validate the independent prognostic factors in LIHC patients, univariate and multivariate Cox regression analyses were performed. Univariate Cox regression analysis indicated that both stage (HR: 2.409%, 95% CI: 1.664–3.487, p < 0.001) and m7G-related lncRNA risk score (HR: 1.297%, 95% CI: 1.228–1.371, p < 0.001) were significantly related with OS (Figure 7A). Multivariate analysis also revealed that stage (HR: 1.933%, 95% CI: 1.303–1.867, p < 0.001) and m7G-related lncRNA risk score (HR: 1.283%, 95% CI: 1.198–1.374, p < 0.001) were independent prognostic factors in LIHC patients (Figure 7B). The AUROC was calculated to better explicit the efficacy of m7G-related lncRNA risk score as well as other clinicopathological features in predicting the OS in LIHC patients, and results demonstrated that the risk score had higher AUROC than other clinicopathological features (Figure 7C).
[image: Figure 7]FIGURE 7 | Assessment of the independent prognostic factors and construction of a prognostic nomogram in the entire LIHC set. (A) Univariate Cox regression analysis of the clinical characteristics and risk score with the OS. (B) Multivariate Cox regression analysis of the clinical characteristics and risk score with the OS. (D) Nomogram predicting the probability of 1-, 2-, and 3-year OS. (C) ROC curves of the clinical characteristics and risk score. (E) Calibration plot of the nomogram predicting the probability of the 1-, 2-, and 3-year OS.
Moreover, we constructed the nomogram consisting of clinicopathological features (including age, gender, tumor grade, and stage) along with the m7G-related lncRNA risk score to predict the survival status in entire LIHC patients. Both m7G-related lncRNA risk score and tumor stage showed better predictive ability than other clinicopathological features in the nomogram (Figure 7D). The calibration curve also proved acceptable consistency between the actual and predicted survival within 1-, 3-, and 5-year OS (Figure 7E), demonstrating that the 9-m7G-related-lncRNA risk model was reliable and could work well in predicting prognosis in LIHC patients.
Analysis of Tumor Mutation Burden, Immune Landscape, and Immunotherapy Response Targeting the m7G-Related lncRNA Risk Model
TMB was calculated by using the R package “maftools” in the two risk groups, and results showed that gene mutation incidence was elevated in the high-risk group, especially TP53 gene (34% vs. 21%) (Figures 8A,B). Survival analysis demonstrated that the OS outcome was shorter in high-risk patients regardless of the TMB risk. Furthermore, patients with high TMB in the low-risk group survived longer than patients with low TMB in high-risk group, indicating that the m7G-related lncRNA risk model had better prognostic significance than TMB status (Figure 8C).
[image: Figure 8]FIGURE 8 | Evaluation of the tumor immune landscape and immunotherapy response based on the m7G-related lncRNA model in the entire LIHC set. (A,B) Waterfall plot displayed top 20 mutation genes’ information in the two risk groups. (C) KM survival analysis of OS stratified by tumor mutation burden and the m7G-related lncRNA model. (G) TIDE prediction difference between two risk score subgroups. (D) Significant KEGG pathways enriched in high-risk patients. (E) Difference in tumor infiltration immune cells based on ssGSEA scores between two risk groups. (F) Difference in immune-related functions based on ssGSEA scores between two risk score subgroups. (H) Expression of immune checkpoint blockade-related genes between the two risk groups.
The tumor immune landscape, including pathway enrichment, immune cell infiltration, and immune-related functions, was analyzed based on the m7G-related lncRNA risk model in LIHC patients with different risks. First, KEGG pathway analysis was performed to explore the underlying molecular mechanisms occurred in different risk groups, and results illustrated that many immune-related pathways were markedly suppressed in the high-risk group, such as antigen processing and presentation, cytokine–receptor interaction, and natural killer cell-mediated cytotoxicity, while only cell cycle pathway was significantly activated (Figure 8D). Next, the tumor infiltration immune cells and immune-related functions were assessed based on ssGSEA scores between the two risk groups, and results showed that activated B cells, immature B cells, memory B cells, activated CD8+ T cells, effector memory CD8+ T cells, natural killer T cells, Th1 cells, eosinophil, macrophage, and mast cells exhibited a lower expression in the high-risk group (Figure 8E). Additionally, the heatmap showed many immune-related functions, such as type2 IFN response, T-cell co-stimulation, T-cell co-inhibition, cytolytic activity, inflammation promoting, CCR, HLA, and type1 IFN response, were also downregulated in the high-risk group (Figure 8F).
As for immunotherapy response, previous studies had demonstrated that a higher TIDE score was associated with worse immunotherapy response and poor prognosis (Jiang et al., 2018). Hence, we calculated the TIDE score to predict the response to immunotherapy in LIHC patients and disclosed that the high-risk group had a lower response rate to immunotherapy than the low-risk group, which was in accordance with previous tumor immune microenvironment analysis (Figure 8G). Moreover, immune checkpoint molecules are vital targets of immune checkpoint inhibitors (ICIs), and we discovered that high-risk group patients exhibited lower expression of CD274, PDCD1LG2, LAG3, SIGLEC15, TIGIT, IDO1, and CTLA4 than low-risk group patients, except for CD276 (Figure 8H).
Furthermore, novel candidate compounds based on the m7G-related lncRNA risk model were identified by calculating the IC50 for each LIHC patient using the GDSC database. In total, 47 of 138 compounds were found to exhibit significant differences in the estimated IC50 between the two risk groups (p < 0.05), suggesting that the m7G-related lncRNA risk model had the potential of predicting the chemotherapy sensitivity. Top 20 novel compounds are listed in Supplementary Figures S4A–T and could be used for further analysis in LIHC patients.
DISCUSSION
LIHC is a common malignancy with high morbidity and mortality, which seriously threatens the health of people all over the world. Clinically, for the reasons such as lacking effective approaches for early diagnosis, most patients have progressed to the advanced stage and then lost the opportunity of early eradication treatment. Hence, accurate biomarkers are needed to improve the diagnostic and treatment efficacy of LIHC patients.
LncRNAs as novel regulatory molecules play fundamental roles in the progression of LIHC (Ghafouri-Fard et al., 2021). Studies have shown that lncRNAs can modulate the proliferation, migration, invasion, angiogenesis, and drug resistance of tumor cells by forming a complex regulatory network with mRNA and miRNA (Huang Z. et al., 2020). Meanwhile, lncRNAs can also be used as indicators for early diagnosis and efficacy prediction of treatment strategies, such as surgery, radiotherapy, chemotherapy, and immunotherapy, thus becoming important molecular types for the development of diagnostic biomarkers as well as molecular therapeutic targets of LIHC (Yuan et al., 2021). In recent years, the methylation modification of lncRNA, such as m6A and m5C, has been revealed to be involved in tumor progression including LIHC, and RNA methylation-related lncRNAs have demonstrated to be novel potential biomarkers for tumor diagnosis and prognosis as well as immunotherapy response (Jin et al., 2021; Li et al., 2021; Zhu et al., 2021).
As a widespread RNA epigenetic modification in eukaryotes, m7G has recently been found to modify tRNA and promote tumor progression by regulating translation efficiency (Katsara and Schneider, 2021). For LIHC, METTL1, the key component of the m7G methyltransferase complex, was disclosed to be upregulated in LIHC and can promote tumor progression via m7G tRNA modification-dependent translation control (Chen et al., 2021). However, whether m7G modifications are involved in tumorigenesis and development by regulating lncRNAs remain unknown. Given the potential of m6A- and m5C-associated lncRNAs in predicting tumor prognosis and immunotherapy response, we speculate that m7G-related lncRNAs are highly likely to possess the same ability. In the present study, we constructed and validated the prognostic risk model based on m7G-related lncRNAs and explored the roles of the model in evaluating tumor mutation load, immune cell infiltration, immunotherapy response, and drug sensitivity.
To obtain m7G-related lncRNAs, we first locked 22 m7G regulatory genes through literature retrieval, including 2 “writers” (METTL1 and WDR4), 8 “erasers” (DCP2, DCPS, NUDT2, NUDT3, NUDT12, NUDT15, NUDT16, and NUDT17), and 12 “readers” (AGO2, CYFIP1, EIF4E, EIF4E2, EIF4E3, GEMIN5, LARP1, NCBP1, NCBP2, EIF3D, EIF4A1, and EIF4G3). Currently, apart from METTL1 and WDR4 (Chen et al., 2021; Xia et al., 2021), it is still unclear whether other genes can participate in LIHC progression via m7G-dependent manner. Here, we found that the majority of m7G regulators (16/22) were abnormally expressed in LIHC, indicating m7G modification may exert crucial functions in LIHC. Subsequently, a total of 992 lncRNAs that were co-expressed with m7G regulators were screened through Pearson correlation analysis.
Combined with clinicopathological data, an LIHC prognostic risk model comprising 9 m7G-related lncRNAs was finally achieved by univariate, LASSO, and multivariate Cox regression analyses successively. Five lncRNAs (SOCS2-AS1, RP5-1171I10.5, RP11-588H23.3, RP11-10A14.3, and NAV2-AS4) were identified to be a protective factor for LIHC prognosis, and other four lncRNAs (RP11-43F13.3, RP11-95O2.5, RP11-519G16.5, and RP11-874J12.4) were risk factors affecting the prognosis of LIHC. SOCS2-AS1 has recently been validated as a tumor suppressor in colorectal and endometrial cancers, and its low expression in tumors was positively related to poor prognosis of patients (Zheng et al., 2020; Jian et al., 2021). RP11-874J12.4 was recently identified as an oncogenic lncRNA that could facilitate oral squamous cell carcinoma tumorigenesis and gastric cancer chemoresistance (Liu et al., 2020; Liu et al., 2021). Subsequently, LIHC patients were separated into high- and low-risk groups based on the median risk score, and its prognostic efficacy was evaluated through KM and ROC analysis, and we found that the model showed good prognostic performance in all the datasets. Moreover, univariate and multivariate Cox regression analyses disclosed that the risk score based on the m7G-related lncRNA risk model was an independent prognostic factor for LIHC, and the m7G-related lncRNA risk score exhibited better OS prediction performance than other clinicopathological features, including age, gender, race, and tumor grade as well as stage.
Tumor mutation burden (TMB) is associated with genomic instability and immunogenicity, involving base substitutions, gene insertion and deletion, and other mutations and has the potential in predicting prognosis and immunotherapy efficacy (Huang et al., 2021). In this study, we investigated the TMB in different risk groups and found that TMB was elevated in the high-risk group, and LIHC patients with high TMB had worse OS in both the risk groups. Several studies also revealed the negative roles of TMB in the prognosis of LIHC (Cai et al., 2020; Zhou et al., 2021).
Tumor immune microenvironment (TIME) influences tumor progression and immunotherapy response. Although immunotherapy (such as immune checkpoint inhibitor drugs) has shown potential therapeutic effects for advanced LIHC, and the effectiveness of immunotherapy is greatly affected by its immunosuppressive TIME (Zhou et al., 2022). Currently, changing the TIME has become a new strategy to promote immune control and immunotherapy efficacy of tumors. In the present study, the relationship between m7G-related lncRNAs and TIME was evaluated by exploring KEGG pathway enrichment, immune cell infiltration, and immune-related functions. We found that high-risk LIHC patients were more inclined to an immunosuppressive state because immune-related pathways (such as natural killer cell-mediated cytotoxicity, antigen processing, and presentation), immune-related function (such as type1/2 IFN response, T-cell co-stimulation, and cytolytic activity), and anti-tumor immune cells (such as activated B cells, CD8+ T cells, and natural killer T cells) were all inactivated in high-risk patients, suggesting that m7G-related lncRNAs may be related to the immunosuppressive tumor microenvironment in LIHC. Furthermore, the association between m7G-related lncRNAs and immunotherapy response was also investigated by TIDE scoring, and we unveiled that high-risk LIHC patients showed a lower response rate to immunotherapy, indicating that m7G-related lncRNAs have great potential in predicting immunotherapy response. Additionally, the correlation between the m7G-related lncRNA risk model and the sensitivity of 138 anti-cancer drugs was evaluated using GDSC database, and 47 compounds were identified to exhibit the difference in chemotherapy sensitivity between the two groups, such as cisplatin, cytarabine, tipifarnib, and temsirolimus, suggesting that m7G-related lncRNA may also be used as a biomarker to predict the chemotherapy sensitivity and provide medication guidance for the personalized chemotherapy of LIHC patients.
CONCLUSION
We constructed a 9-m7G-related-lncRNA risk model based on the LIHC patients’ clinical and transcriptomic data from TCGA database. The risk model was validated to exhibit good prognostic performance and was found to be an independent prognostic factor for LIHC. Furthermore, the roles of the risk model in tumor mutation burden, immune microenvironment, and immunotherapy response, as well as drug sensitivity were also evaluated. In conclusion, the m7G-related-lncRNA risk model might display potential value in predicting prognosis, immunotherapy response, and drug sensitivity in LIHC patients.
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