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Abstract: Background: The specific impact of sphingolipid metabolism on developing hepatocellular Carcinoma (HCC) remains unclear. This study aims to explore the relationship between sphingolipid metabolism and HCC prognosis, immune response, and drug sensitivity. Methods: Data were obtained from The Cancer Genome Atlas (TCGA)-Hepatocellular Carcinoma (LIHC) and Gene Expression Omnibus (GEO, GSE14520 datasets). 47 sphingolipid metabolism genes were obtained from the Kyoto Encyclopedia of Genes and Genomes (KEGG) database. After classifying HCC samples using the Non-negative Matrix Factorization (NMF) clustering method, differentially expressed genes were screened. Then, 8 risk genes were obtained by univariate analysis, survival random forest reduction and lasso analysis. The expression of 8 risk genes was verified in vitro. Results: 8 risk genes were used to construct the Sphingolipid score model. High-Sphingolipid score predicted poor prognosis of HCC patients. Sphingolipid score was associated with immune checkpoints (IL-1B, TLR4, TGFB1, and IL-10), immune cells (Th2, Treg, MDSC, Neutrophil, Fibroblasts and macrophage), and MAPK Cascade. In the High-Sphingolipid score group, a significantly higher proportion of patients with TP53 (p53) mutations was significantly higher (56%). Furthermore, patients with a high-Sphingolipid score were predicted to have a higher sensitivity to chemotherapy drugs. In vitro validation showed that compared with normal liver cells LX-2, TRIM47, and S100A9 significantly increased in liver cancer cells Hep G2, MHCC-97H, and Hep3B2.1-7, while SLC1A7, LPCAT1, and CFHR4 significantly decreased. Silencing TRIM47 reduced the proliferation and promoted apoptosis. The levels of ceramide synthesis-related indexes (CERS1, CERS6, CERS5, and SPTLC2) increased, and the ACER3 related to catalytic hydrolysis decreased. Conclusion: We constructed a sphingolipid metabolism-related prognostic signature (Sphingolipid score) based on 8 risk genes. TRIM47 may affect the development of liver cancer by regulating the relevant indicators of ceramide synthesis and catalytic hydrolysis.
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Introduction

According to global cancer statistics in 2020, primary liver cancer (with Hepatocellular Carcinoma (HCC)) accounts for 75%–85% of cases) is the 6th most common cancer worldwide and the third leading cause of cancer-related deaths [1]. HCC, also known as malignant liver cancer, is a malignant tumor that is prone to spread metastasis and has a high recurrence rate. Currently, the main treatment methods for HCC patients include surgical resection, chemotherapy and immunotherapy [2]. However, due to the complexity and heterogeneity of tumors, the prognosis of HCC patients is still unsatisfactory [3]. As a result, there is a need to identify novel prognostic markers and potential therapeutic targets for HCC to provide clues for developing future treatment strategies for patients.

Sphingolipids, containing ceramide and sphingosine-1-phosphate (S1P), can be phosphorylated, acylated, glycosylated or sulfated by related metabolic enzymes to produce different subclasses [4]. Sphingolipids, as a structural molecule of the cell membrane, play a crucial role in maintaining the barrier function of cells [5]. At the same time, as an active molecule of cell signaling, some sphingolipids play an important role in regulating cell function and balance, including proliferation, migration, cell survival and angiogenesis [6–9]. In addition, sphingolipid metabolites can also be used as potential biomarkers for predicting lymph node metastasis of papillary thyroid carcinoma [10] and candidate predictors for postoperative recurrence of lung squamous cell carcinoma [11]. However, based on signals related to sphingolipid metabolism, potential targets for neurological diseases [12] and the immune status of melanoma patients [13] can be predicted. Analysis of the characteristics related to sphingolipid metabolism has not been fully explained in HCC.

We developed a prognostic risk model based on 8 sphingolipid metabolism-related genes. Sphingolipid score was associated with HCC gene mutations and the immune microenvironment. In addition, we performed a drug susceptibility analysis, which may provide a new reference for determining the prognostic risk and selecting treatment strategies in HCC patients.

Methods

Data acquisition and preprocessing

The Cancer Genome Atlas (TCGA)-Hepatocellular Carcinoma (LIHC) database (training set) was downloaded from UCSC Xena (https://xenabrowser.net/) [14]. GSE14520 database (validation set) obtained from Gene Expression Omnibus (GEO) (http://www.ncbi.nlm.nih.gov/geo/) [15]. Clinical information of the HCC patients was collected from the TCGA-LIHC. The data preprocessing procedure converted fragments per kilobase million (FPKM) to transcripts per million (TPM).

Gene screening program

47 sphingolipid metabolism genes (hsa00600, Sphingolipid metabolism) were obtained from the Kyoto Encyclopedia of Genes and Genomes (KEGG) database. After taking the intersection of sphingolipid genes and TCGA-LIHC, 20 genes (p < 0.05) were screened by univariate cox analysis. Furthermore, the Non-negative Matrix Factorization (NMF) clustering method was used to classify HCC, and cluster1 and cluster2 (k = 2) were obtained [14].

Then, based on Sphingolipid subtyping, the limma package determined the differentially expressed genes (DEGs) related to sphingolipid metabolism (p < 0.05 and |logFC| > 1). After univariate analysis (p < 0.05), the survival random forest dimensionality reduction analysis was performed. LASSO analysis identified 8 risk genes, including S100A9, TRIM47, SLC1A7, G6PD, LPCAT1, SAPCD2, CCNB1, and CFHR4. Based on the 8 risk genes, the riskscore model (Sphingolipid score) was constructed [16]. Then, the surv cutpoint method of the survminer package was used to divide the patients into High- and Low-Sphingolipid score groups for further analysis.


Riskscore=∑gene expression×regression coefficient

Somatic mutation and drug susceptibility prediction

Somatic mutation data were obtained from TCGA-LIHC. maftools R package was used to analyze and visualize gene mutations in the 2 Sphingolipid score groups in HCC.

The susceptibility data of HCC patients was accessed from the Genomics of Drug Sensitivity in Cancer (GDSC) database (https://www.cancerrxgene.org/). oncoPredict R package was adopted for drug prediction.

Immune and functional enrichment analysis

ssGSEA, ESTIMATE, MCPcounter and TIMER algorithms were used to quantify the abundance of immune cells in HCC samples and compare the difference of immune infiltration in different cluster categories or risk groups. Gene Set Enrichment Analysis (GSEA) was applied to explore KEGG pathway regulation.

Cell culture and RNA intervention

Normal liver cells LX2 (AW-CNH008) and liver cancer cells Hep G2 (AW-CCH024), MHCC-97H (AW-CCH088), and Hep3B2.1-7 (AW-CCH035) were purchased from abiowell company (Changsha, China). LX2 cells were cultured in 1640 medium, Hep G2 and Hep3B2.1-7 cells in MEM medium, and MHCC-97H cells in DMEM medium. All media contained 10% fetal bovine serum and 1% Penicillin/Streptomycin. Ambient conditions for cell culture were 37°C and 5% CO2.

TRIM47 siRNA (si-TRIM47) and its negative control (si-NC) were purchased from Sangon Biotech (Shanghai, China). The si-TRIM47 sequence is 5′-CACCAAAUCAUCCCAAGCUGUTT-3'. The si-TRIM47 and si-NC were transfected into cells via Lipofectamine™ 2000 (Invitrogen, CA, USA) for 48 h. Experimental analysis was then performed.

Reverse transcription-quantitative PCR (RT-qPCR)

RT-qPCR analysis was performed to identify the mRNA levels of 8 risk genes in LX2, Hep G2, MHCC-97H, and Hep3B2.1-7 cells. First, the total RNA in the cells was extracted using the Trizol method. An RNA reverse transcription kit (CWBIO, Beijing, China) was employed for the reverse transcription of the extracted RNA into cDNA. Total mRNA served as the template for this process. The mRNA levels were detected via SYBR. The results were normalized using the expression of β-actin as an endogenous control. Relative mRNA levels were calculated as 2−ΔΔCt. Primer sequences for the genes are shown in Table 1.
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Western blot

Proteins from LX2, Hep G2, MHC-97H, and Hep3B2.1-7 cells were extracted. Target proteins were separated by 10% and 15% SDS-PAGE. After blocking using 5% skim milk, primary antibodies were used to incubate samples overnight at 4°C. Then, samples were followed by incubation with secondary antibodies for 90 min. After adding the SuperECL Plus luminescent solution, it was observed and imaged using an imaging system. Primary and secondary antibodies used in this study are shown in Table 2. Expression of β-actin as a reference for normalization of target protein levels.
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Cell proliferation and apoptosis analysis

The impact of TRIM47 silencing intervention on cell proliferation was evaluated using CCK-8 assay. A solution of CCK-8 was added to the treated cells. After incubation at 37°C and 5% CO2 for 4h, absorbance (OD) at 450 nm was analyzed.

The effect of TRIM47 silencing on the apoptosis rate was performed by flow cytometry. Cells were collected after transfection with si-NC or si-TRIM47. 5 μl Annexin V-APC and Propidium Iodide were added. Flow cytometry was used for detection after reacting for 10 min at room temperature and shading conditions.

Measurement of ceramide levels

Ceramide levels were determined using a kit (YJ037872, mlbio, Shanghai, China). Cells were collected and reagents were added following the manufacturer’s instructions. After incubating for 60 min, the OD value (450 nm) was measured.

Statistical analysis

R (version 3.6.1) and GraphPad Prism 9.0 were used for statistical analysis. The Shapiro-Wilk normality test was utilized to assess the normality of the variables. Unpaired Student t-test, Wilcoxon test, one-way ANOVA, and Kruskal-Wallis test were employed for data analysis. Pearson correlation and distance correlation analyses were performed to determine correlation coefficients. Patients were classified into High- or Low-Sphingolipid score for each dataset based on the dichotomous riskscore. Data visualization was primarily carried out using the R package ggplot2. The Benjamini-Hochberg method was employed for differential gene expression analysis, and p-values were converted to FDR to identify significant genes. Survival and timeROC curves were generated and plotted using the Kaplan-Meier method and the timeROC R package. The log-rank test assessed the statistical significance of differences in each dataset. Heatmaps were created utilizing pheatmap. All experiments were performed in three biological replicates. p < 0.05 were considered statistically significant.

Results

Subtyping of sphingolipid metabolism and screening of risk genes in HCC

47 sphingolipid genes (KEGG ID: hsa00600, sphingolipid metabolism) were obtained from the KEGG database. After the intersection of sphingolipid genes with TCGA-LIHC (47 genes), 20 genes were screened by univariate analysis (Fig. 1A, p < 0.05). The NMF clustering method was further utilized for the classification of HCC, resulting in the identification of two clusters, referred to as cluster1 and cluster2 (Fig. 1B, k = 2). The survival time of patients with 2 Sphingolipid subtypes was significantly longer (Fig. 1C, p = 0.005).
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Figure 1: Construction of the Sphingolipid associated risk model in HCC. (A) 20 genes related to sphingolipid metabolism were obtained by univariate analysis. (B) HCC patients were stratified into 2 clusters by NMF clustering (k = 2). (C) Survival analysis (based on 2 subclasses). (D) Random forest dimensionality reduction analysis. (E) LASSO analysis. (F) Forestplot of 8 genes.

Based on Sphingolipid subtyping, 739 sphingolipid-related differential genes were identified. 368 DEGs were obtained after univariate analysis (Suppl. Table S1). After random forest dimension reduction, LASSO analysis obtained 8 risk genes (Figs. 1D and 1E). Among them, S100A9, TRIM47, SLC1A7, G6PD, LPCAT1, SAPCD2, and CCNB1 were predicted to be risk genes in HCC, while CFHR4 was a protective gene (Fig. 1F).

Survival analysis of HCC patients based on 8 risk genes

We further analyzed the effect of 8 risk genes on survival in HCC patients (Fig. 2). Kaplan-Meier survival analysis showed that within 120 months, high levels of S100A9, TRIM47, SLC1A7, G6PD, LPCAT1, SAPCD2, and CCNB1 predicted poor prognosis in HCC patients. The high expression of the protective gene CFHR4 predicted a good prognosis.
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Figure 2: Survival analysis based on the expression of 8 risk genes. Kaplan-Meier analysis was used to analyze the effects of TRIM47, SLC1A7, SAPCD2, S100A9, LPCAT1, G6PD, CFHR4, and CCNB1 expressions on the survival time of HCC patients.

Validation of sphingolipid-related Riskscore model and evaluation of clinicopathological characteristics of HCC patients

Based on the 8 risk genes, we used the LASSO method to construct Sphingolipid related riskscore model: Riskscore = 1.0392 × S100A9-0.7155 × TRIM47 + 0.2861 × SLC1A7 + 1.2237 × G6PD + 0.4557 × LPCAT1 + 0.8106 × SAPCD2 + 0.4578 × CCNB1 - 0.2411 × CFHR4.

HCC patients were divided into 2 Sphingolipid score groups. Fig. 3A shows that patients with High-Sphingolipid score had a higher survival rate than those with low-sphingolipid score (p < 0.0001). The timeROC curve supported the model’s validity, with AUC values of 0.773 for 1-years, 0.732 for 3-years, and 0.692 for 5-years (Fig. 3B). Survival analysis in the GSE14520 validation set proved that the Low-Sphingolipid score predicted poor prognosis in HCC patients (Fig. 3C, p = 0.000243). In the mortality statistics of TCGA, the number of deaths in the Low-Sphingolipid score group was higher than in the High- (Fig. 3D). The analysis of the above results confirmed that a high Sphingolipid score predicted a good prognosis for HCC patients.
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Figure 3: Evaluation of clinicopathological characteristics of HCC patients. (A) Survival analysis of the training set TCGA-LIHC. (B) The timeROC curve. (C) Validation set GSE14520. (D) Prediction of mortality risk in HCC patients (TCGA-LIHC). (E) Forestplot of clinical features.

The relationship between Sphingolipid score and clinical characteristics (Age, Gender, T, N, M, Stage, and Grade) and prognosis was analyzed by univariate (Uni-cox) and multivariate (Multi-cox) analysis. Sphingolipid score was an independent prognostic factor for HCC (Fig. 3E, Uni-cox: p < 0.001; Multi-cox: p < 0.001). Combined with the above analysis, the Sphingolipid score could predict the prognosis of HCC patients.

Association between Sphingolipid score and gene mutations

The maftools R package analyzed somatic mutations between 2 Sphingolipid score groups. In the Low-Sphingolipid score group, 237 of 267 patients had gene mutations, accounting for 88.76%. Among them, CTNNB1 (27%) had the highest mutation rate. However, in the High-Sphingolipid score group, the proportion of HCC with mutations was higher (95.24%), and the proportion of patients with TP53 (p53) mutations was significantly higher (56%) (Fig. 4A). Missense Mutation was the type of mutation that might occur. In the 2 Sphingolipid score groups, the proportion of patients with gene mutations was further compared (Fig. 4B). The mutation rates of p53, KPRP, ZNF98, TG, DNAH17, PLEKHM1, NOS3, NFATC2, NFASC, CPAMD8, TDRD5, and BSN in the High-sphingolipid score group were higher than those in the Low-Sphingolipid score group. The mutation rate of DYNC2H1 in the High-sphingolipid score group decreased.
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Figure 4: Prediction of somatic mutations in HCC patients based on Sphingolipid score. (A) Oncoplot visualization of top 30 mutant genes in the 2 sore groups. (B) The ratio of gene mutations in High- and Low-sore. *p < 0.05, **p < 0.01, ***p < 0.001.

Predictive analysis of drug susceptibility in HCC patients

Furthermore, the drug sensitivity of HCC patients was predicted. As shown in Fig. 5, patients in the High-Sphingolipid score group were more sensitive to UMI-77, ULK1, Temozolomide, Taselisib, OTX015, Obatoclax Mesylate, MN-64, Leflunomide, IGF1R, Ibrutinib, I-BET-762, GDC0810, Alpelisib, BPD-00008900, BMS-345541, Alisertib, Staurosporine, PAK, Eg5, Dasatinib, JAK, IRAK4, AZD5153, and AZ960. The results suggested that these chemotherapeutic agents might have a good therapeutic effect on HCC patients with a high-Sphingolipid score.
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Figure 5: Drug sensitivity analysis in HCC patients Based on the Sphingolipid score, the drug sensitivity of HCC patients was predicted.

Immune microenvironment prediction and functional enrichment analysis

The immune microenvironment was predicted based on clinical characteristics (Grade, Stage, M, N, T, Gender, and Age) and Sphingolipid score. Clinical characteristics Grade, Stage, M, N, T, Gender, and Age were not clearly correlated with the immune checkpoint and immune cell infiltration in HCC. Sphingolipid score correlated with the immune checkpoint (Fig. 6A). With the increase of the Sphingolipid score, immune checkpoints IL-1B, TLR4, TGFB1, and IL-10 levels increased in HCC. To analyze HCC immune cell infiltration, MCPcounter (10 cells), ssGSEA (28 cells), and TIMER (6 cells) data were acquired. The Sphingolipid score showed a positive correlation with Th2 cells, Treg, MDSC, neutrophils, fibroblasts, and macrophages (Fig. 6B). In addition, ESTIMATE analysis found that HCC patients in the High-Sphingolipid score group had significantly higher tumor cell purity (p = 0.0031), immune cells (p = 0.0021), and stromal cells (p = 0.0026) abundance than those in the low-group (Fig. 6C).
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Figure 6: Immune checkpoint and immune cell infiltration analysis. (A) Analysis of immune cell infiltration. (B) Immune checkpoint analysis. (C) Tumor cell purity, immunity, and matrix scores. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.

GSEA functional enrichment analysis showed that Sphingolipid score was associated with immune response, T cell activation, Mapk cascade, cytokine−mediated signaling pathway, Cell proliferation, and cell cycle (Fig. 7).
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Figure 7: GSEA analysis in HCC. Functional pathways associated with Sphingolipid score were analyzed by GSEA.

Expression of 8 risk genes for the construction of the Sphingolipid score was verified in vitro

Next, mRNA and protein levels of 8 risk genes were verified in normal liver cells (LX2) and liver cancer cells (Hep G2, MHCC-97H, and Hep3B2.1-7) (Figs. 8A, 8B and Suppl. Fig. S1A). Compared to normal liver cells LX-2, the levels of TRIM47 and S100A9 increased in liver cancer cells Hep G2, MHCC-97H, and Hep3B2.1-7. On the other hand, SLC1A7, LPCAT1, and CFHR4 levels decreased in these liver cancer cells. G6PD expression was significantly in Hep G2 lower than in LX-2. CCNB1 levels were significantly decreased in MHCC-97H and Hep3B2.1-7 cells.
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Figure 8: Identification of 8 risk gene expression in vitro. In normal liver cells (LX2) and liver cancer cells (Hep G2, MHCC-97H, Hep3B2.1-7), the mRNA (A) and protein levels (B) of TRIM47, SLC1A7, SAPCD2, S100A9, LPCAT1, G6PD, CFHR4, and CCNB1 were validated. #p < 0.05, ##p < 0.01, ###p < 0.001, and ####p < 0.0001 vs. LX-2, one-way ANOVA, n = 3.

Inhibition of TRIM47 promoted ceramide biosynthesis

In combination with the previous survival analysis and validation results, we identified TRIM47, S100A9, and CFHR4 as potential candidates. The expression levels of TRIM47 and S100A9 were observed to be high in liver cancer cell lines, while CFHR4 was found to be lowly expressed. High TRIM47 levels were related to a poor survival in HCC patients [17]. The role of sphingolipid metabolism in TRIM47 regulation of HCC development remains unclear. Therefore, liver cancer cell Hep G2 and highly metastatic cell line MHCC-97H were selected for further analysis. After silencing TRIM47, proliferation of Hep G2 and MHCC-97H inhibited (Figs. 9A, 9B, and Suppl. Fig. S1B). The apoptosis rate increased (Figs. 9E and 9F).
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Figure 9: Effect of TRIM47 silencing on sphingolipid metabolism. (A) The expression of TRIM47 was verified in Hep G2 and MHCC-97H cells. (B) Cell proliferation was analyzed. (C) Protein levels were detected to detect the expression of genes related to sphingolipid metabolism, including ACER3, SMPD2, CERS1, CERS6, CERS5, SPTLC2, SGPP1, and DEGS1. (D) Creamide levels. (E and F) Cell apoptosis rate. *p < 0.05, **p < 0.01, and ****p < 0.0001 vs. si-NC (Hep G2); #p < 0.05, ##p < 0.01, ###p < 0.001, and ####p < 0.0001 vs. si-NC (MHCC-97H), one-way ANOVA, n = 3.

Sphingolipid score was related to cell cycle and proliferation. Ceramide, a central molecule in sphingolipid metabolism, can induce cell cycle arrest and apoptosis [18]. After inhibiting TRIM47, the molecular examinations of ceramide biosynthesis (including CERS1, CERS6, SGPP1, DEGS1, CERS5, and SPTLC2) [19,20], catalytic hydrolysis ACER3 [21] and neutral sphingolipase SMPD2 [22] were detected. Among them, the expression of ACER3 and SMPD2 decreased after TRIM47 silencing. The expressions of CERS1, CERS6, CERS5, and SPTLC2 increased. SGPP1 and DEGS1 showed no significant difference (Fig. 9C and Suppl. Fig. S1C). These data suggest that inhibition of TRIM47 can promote ceramide biosynthesis and inhibit hydrolysis. Ceramide was significantly incerased after TRIM47 silencing (Fig. 9D). Combined with the previous results, we speculated that TRIM47, which is related to sphingolipid metabolism, may regulate the proliferation and apoptosis of hepatoma cells by participating in ceramide synthesis and hydrolysis.

Discussion

Imbalances in sphingolipid metabolism can affect cancer development [23,24]. In HCC, 8 risk genes were screened and used to construct a sphingolipid metabolism-related risk model. Our data suggested that patients in the High-score group were predicted to have a poor prognosis. Genes used to construct the Sphingolipid score included TRIM47, S100A9, LPCAT1, G6PD, and CFHR4. High expression of TRIM47 is associated with poorer overall survival in HCC patients [17]. High G6PD and LPCAT levels suggested a poor prognosis for HCC patients [25–27], while CFHR4 was the opposite [28]. This is consistent with our results. The risk genes TRIM47, S100A9, LPCAT1, and G6PD were related to poor prognosis in HCC patients, while the protective gene CFHR4 indicated a good prognosis. We further verified the effects of TRIM47 silencing on cell proliferation, apoptosis, and sphingolipid metabolism in liver cancer cell lines. TRIM47 inhibition promoted the increase of apoptosis rate of cancer cells and the expression of related indicators of ceramide synthesis (CERS1, CERS6, CERS5, and SPTLC2), and was accompanied by the decrease of ACER3 expression related to catalytic hydrolysis. Therefore, TRIM47 may affect cell proliferation and apoptosis by regulating ceramide synthesis.

GSEA analysis demonstrated that sphingolipid metabolism positively regulated the Immune Response and MAPK Cascade. The p38 MAPK signaling pathway is involved in regulating G6PD and S100A9 in immune cells [29,30]. TRIM47 promotes inflammation by activating the MAPK signaling pathway [31]. Our data found that the immune checkpoints IL-1B, TLR4, TGFB1, and IL-10 were clearly correlated with the Sphingolipid score. G6PD can mediate crosstalk between cancer cells and M2 macrophages through the CCL2/TGF-β1/IL-10 signaling axis to promote tumor progression [32]. Sphingolipid metabolism is involved in the malignant progression of tumors and the regulation of immunosuppressive microenvironment [33]. Patients in the High-Sphingolipid score group had higher immune sores. With increased Sphingolipid score, immune cell Th2, Treg, MDSC, neutrophils, fibroblasts, and macrophages were significantly enriched. A previous study has found that immunosuppressive cells (Th2, Treg) cells, MDSC, neutrophils, and cancer-associated fibroblasts) may be positively correlated with S100A9 and G6PD [34]. As a DAMP molecule, S100A9 can amplify inflammation in the tumor microenvironment and lead to malignant tumor progression [35]. MDSCs are recognized as contributing factors to inflammation-related cancers. The pro-inflammatory molecule S100A9 can stimulate the chemotaxis and activation of MDSC [30]. The differentiation of Treg cells requires binding the S100A8/S100A9 complex to the leukocyte-activating receptor CD69 [36]. G6PD activation can induce macrophage recruitment and M2 polarization [32]. Thus, genes related to sphingolipid metabolism may contribute to immune cell enrichment in HCC. Combined with the above analysis, the immune checkpoint and MAPK signaling pathway may mediate sphingolipid metabolism to regulate immune cell infiltration.

Mutation analysis found that HCC patients with high scores had a significantly increased chance of p53 mutation. In malignant cells, there is a crosstalk between signals related to sphingolipid metabolism and the p53 pathway [37]. The two major sphingolipid metabolic enzymes regulated by p53 are sphingomyelinase (Smase) and ceramide synthase (CerS), of which mammals contain CerS1-6 [38]. CerS6 promotes p53-mutant tumorigenesis by producing excess C16-ceramide [39]. The High-Sphingolipid score group had a higher probability of p53 mutation. In cells containing p53 mutations, exogenous C2-ceramide can induce cancer cell apoptosis by down-regulating p53 expression. However, in wild-type p53, C2-ceramide causes a transient increase in the expression of p53, p21 and retinoblastoma protein (RB), which induces growth arrest and senescence of tumor cells [40]. It was further shown that excess ceramide modulates p53 to inhibit tumor development, albeit through a different mechanism of action.

Sphingolipid metabolism is involved in the drug-resistance process of cancer cells [41]. Ceramide/S1P rheostat is involved in cell survival, carcinogenesis, and drug sensitivity [42]. Ceramide accumulation is thought to contribute to the effects of anti-cancer therapies [43]. For example, glucosylceramide synthase inhibitors induce ceramide accumulation and sensitize H3K27-mutated diffuse midline gliomas to radiation [44]. Combining sphingosine kinase inhibitors and temozolomide can inhibit temozolomide resistance and induce glioblastoma cell death [45]. HCC patients in the High-Sphingolipid score group had good drug sensitivity, including Temozolomide and Dasatinib. Depletion of acid ceramidase sensitizes cells to the Dasatinib [46]. High levels of ceramide can promote the drug sensitivity of cancer cells.

Conclusion

In conclusion, we constructed a sphingolipid metabolism-related prognostic signature based on 8 risk genes (S100A9, TRIM47, SLC1A7, G6PD, LPCAT1, SAPCD2, CCNB1, and CFHR4). TRIM47 may affect the development of liver cancer by regulating the expression of ceramide synthesis and catalytic hydrolysis relevant indicators. HCC patients with a high-Sphingolipid score were predicted to have a high chance of p53 mutation and drug sensitivity. Immune checkpoint and MAPK signaling pathways may be potential pathways for sphingolipid metabolism to regulate immune cell enrichment.
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TABLE 1

Primer sequences for 8 risk genes

Gene Sequences (5'-3')

S100A9 forward TCCTCGGCTTTGACAGAGTG
S100A9 reverse TGCCCCAGCTTCACAGAGTA
TRIM47 forward CAGTCCAAAGTCCTGAGCG
TRIM47 reverse TACGGCTGCACTCTTGATGA
SLCIA7 forward TTGTGGCTTCCCTCTAAGGC
SLCIA7 reverse CAGGTGGTCGGAGTTGCTAA
G6PD forward CCACATCTCCTCCCTGTTCCGT
G6PD reverse CCGCGACCCTCAGTGCCAAA

LPCATI forward
LPCATI reverse
SAPCD?2 forward
SAPCD?2 reverse
CCNBI forward
CCNBI reverse
CFHR4 forward
CFHRA4 reverse
B-actin forward

-actin reverse

CCTATTCCGAGCCATTGACCA
ATCCGGGTACAGGTATTCCTC
CTTTCAGCCTTGGTGTTCCG
TCCAGGGCCACTCACTAGC
GCACTTCCTTCGGAGAGCAT
TGTTCTTGACAGTCCATTCACCA
CCCCAAACAGTGCAACTGAAA
ACAAGGTTTCACTTCTTGTCCA
ACCCTGAAGTACCCCATCGAG
AGCACAGCCTGGATAGCAAC
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