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Editorial on the Research Topic 
The role of tumor microenvironment in the development, treatment and prognosis of hepatocellular carcinoma


Primary liver cancer (PLC), including hepatocellular carcinoma (HCC) and intrahepatic cholangiocarcinoma (ICC), and other rare tumors, is the third leading cause of cancer-related mortality (Liu et al., 2021). Of all primary liver cancer, HCC is the most common type. At present, liver resection and transplantation are still the most effective treatments for early-stage liver cancer, but they are not suitable for most liver cancer patients who have been diagnosed at an advanced stage (Yang et al., 2020). While targeted therapy and immunotherapy have made major advances in therapy, HCC still has a particularly poor prognosis (Duchemann et al., 2022). Therefore, a better understanding of the molecular mechanisms underlying HCC progression and effective therapeutic strategies against it are of critical importance (Li et al., 2020).
Evidence has accumulated that the tumor microenvironment (TME) plays a key role in fostering or restraining tumor development (Blanco-Fernandez et al., 2021). The TME, which includes molecular, cellular, extracellular matrix, and vascular signaling pathways, is a complex ecosystem (Huang et al., 2023). The interaction between TME and cancer cells can enhance the malignant properties of tumors, including proliferation, metastasis, and therapy resistance (Hosaka et al., 2020; Tian et al., 2021). In addition, TME can also lead to abnormal angiogenesis and promote immunosuppression (Chen et al., 2023). Therefore, further study of TME of HCC may be helpful for the development of therapeutic methods for HCC.
In this Research Topic, we include 24 original research papers that focus on HCC genes microenvironment, immune microenvironment, metabolic microenvironment, and gut microbial microenvironment, 4 review articles that summarize and critically assess the latest exploration of the role of TME in the development, treatment and prognosis of HCC, and 1 case report that clarify the pathogenesis of intrahepatic mucinous cholangiocarcinoma. We hope that these evidences will further our understanding of the pathogenesis of HCC and provide novel strategies for its treatment.
Macropinocytosis, a type of endocytosis that involves the non-specific uptake of dissolved molecules, has been shown to contribute to HCC pathology. However, its biological mechanism remains unknown. Ding et al. identified 27 macropinocytosis-related genes from 71 candidate genes using bioinformatics and constructed the prognostic signature using seven MPC-related differentially expressed genes (GSK3B, AXIN1, RAC1, KEAP1, EHD1, GRB2, and SNX5) through LASSO Cox regression. This risk model could effectively predict HCC patient prognoses and suggest changes in the immune microenvironment during the disease process.
Anoikis, a novel programmed cell death, has received considerable attention because of its involvement in the progression of human malignancies. Zhang et al. found that anoikis-related genes (ANRGs) were dysregulated in HCC, with a low frequency of somatic mutations and associated with prognosis of HCC patients. Then, they selected nine ANRGs (NQO1, ETV4, BSG, HMGA1, DAP3, PBK, BIRC5, PLK1, and EZH2) to construct a risk score signature based on the LASSO model. The signature presented a strong ability of risk stratification and prediction for overall survival in HCC patients. Similarly, Chen et al. also selected out 3 genes (EZH2, KIF18A and NQO1) and constructed a prognostic model, achieving a good predict performance. Moreover, the results showed that the high-risk group have higher sensitivity to 5-fluorouracil, doxorubicin and gemcitabine.
Copper is an essential trace element that acts as a cofactor in various enzyme active sites in the human body. Intracellular copper homeostasis requires a complex system. It has shown considerable prospects for intervening in TME by regulating copper homeostasis and provoking cuproptosis. Ma et al. constructed a five-gene scoring system in relation to copper homeostasis and cuproptosis through applying LASSO and multivariate Cox regression in TCGA and ICGC datasets, which could forecast clinical prognosis, the TME changes and assist in choosing therapy strategies for HCC patients. Cuproptosis, as a novel cell death pathway dependent on cellular copper ions and ferredoxin 1 (FDX1). Quan et al. founded high FDX1 expression significantly enhanced survival of patients with HCC from the TCGA dataset, and natural killer cells, macrophages, and B cells were significantly enhanced, and PD-1 expression was low in the high-FDX1 tumor tissues. Meanwhile, a high expression of FDX1 decreased cell viability, proliferation and migration of tumor cells. And HepG2 cells with FDX1 expression are sensitive to Cu2+. This study reveals that cuproptosis and tumor immune microenvironment were together involved in improvement of survival in patients with HCC with a high expression of FDX1. Zhou et al. reviewed the biological processes of copper uptake, transport, and storage in human cells, and highlighted the mechanisms by which copper metabolism affects hepatocellular carcinogenesis and metastasis, including autophagy, apoptosis, vascular invasion, cuproptosis, and ferroptosis. Additionally, they summarized the current clinical applications of copper metabolism-related drugs in antitumor therapy. Bao et al. was designed to determine the effect of glutamine metabolism on HCC heterogeneity. They classified HCC into three molecular subtypes according to glutamine family amino acid metabolism process genes. Among them, C1 showed the worst survival rate and the highest immune score and immune cell infiltration. A six-gene model for prognostic and immunotherapy responses was constructed among subtypes, which could serve as a predictor of treatment and prognosis in HCC patients.
Liu et al. stratified HCC into three subtypes based on the protein arginine methyltransferases (PRMT)-related genes. 11 PRMT-related genes were enrolled to establish prognostic model, which presented with high accuracy in predicting the prognosis of two risk groups in the training, validation, and immunotherapy cohort, respectively. Further, the sensitivity of 72 anticancer drugs was identified using prognostic risk model. Wang et al. explored the role of PTGES3 in 33 types of tumors and depicted the potential immune-related pathways among them. The results demonstrated the prognostic predictive value of PTGES3 in a wide range of cancers, which was also associated with the process of tumor immune infiltration. High PTGES3 expression was related to the infiltration of Th2 subsets of CD4+ T cells and immune checkpoint-related genes in most cancers, especially in HCC. Zhang et al. established a novel ubiquitin-proteasome system (UPS)-based prognostic risk model in HCC, including seven UPS-based signatures (ATG10, FBXL7, IPP, MEX3A, SOCS2, TRIM54, and PSMD9). Individuals with HCC with high-risk scores presented a more dismal prognosis, larger tumor size, advanced TNM stage, and tumor grade than those with low-risk scores. In addition, obvious immune cell infiltration and sensitive drug response were identified in low-risk patients.
Tumor purity takes on critical significance to the progression of solid tumors. Zhao et al. identified a total of 26 tumor purity–associated genes with differential expression and ultimately identified ADCK3, HK3, and PPT1 as the prognostic genes for HCC. HCC patients exhibiting higher ADCK3 expression and lower HK3 and PPT1 expressions had a better prognosis, high tumor purity, high immune score, high stromal score, and high ESTIMATE score. The dysregulation of RNA splicing is a major event leading to the occurrence, progression, and drug resistance of cancer. Li et al. identified 75 differentially expressed prognosis-related genes from 215 RNA splicing-related genes, and a prognostic model incorporating thioredoxin like 4A (TXNL4A) was identified using least absolute shrinkage and selection operator regression analysis. Chen et al. identified that TAF1B (TATA Box Binding Protein-Associated Factor) was highly expressed in HCC and associated with poor prognosis in HCC patients. TAF1B depletion modulated nucleolar stress and apoptosis in HCC cells through positive and negative feedback from p53-miR-101. RNA polymerase I transcription repression triggered post-transcriptional activation of miR-101 in a p53-dependent manner. In turn, miR-101 negatively feeds back through direct inhibition of the p53-mediated PARP pathway. Tu et al. revealed a novel molecular subtype and prognostic tool based on Foxo signaling pathway signature. According to Foxo prognosis score (FPS) grouping, low FPS exhibited favorable survival, low TMB and anti-tumor activity. Moreover, patients with low FPS were more sensitive to immunotherapy. These results could potentially provide a direction for accurate and effective assessment of potential personalized treatment options and prognostic management for HCC patients.
Natural killer (NK) cells are a type of innate immune cell that recognize and eliminate tumor cells and infected cells, without prior sensitization or activation, playing an indispensable role in antitumor immunity and regulate tumor development. Li et al. identified marker genes of NK cells through Cox and lasso regression by using single-cell RNA-seq data from GEO database. Ten prognosis genes (KLRB1, CD7, LDB2, FCER1G, PFN1, FYN, ACTG1, PABPC1, CALM1, and RPS8) were screened to develop a prognosis model, which demonstrated excellent predictive performance on the training dataset, but also were successfully validated on two independent external datasets. Moreover, molecular docking revealed favorable binding energies between the hub gene ACTG1 and chemotherapeutic drugs. Analogously, Yang et al. also developed an NK cell marker genes-related prognostic signature (NKPS) in the TCGA cohort for risk stratification and prognosis prediction, containing LPCAT1, IL18RAP, SRSF2, ADGRG3, and ADGRE5. The predictive value of the NKPS in prognosis was well validated in different clinical subgroups and three external datasets. In addition, the low-risk group exhibited significantly improved therapeutic benefits, either from immunotherapy or traditional chemotherapy and target therapy. Wang et al. explored the role of macrophage in cellular communication and its effect on the prognosis and immunotherapy of HCC. Through single-cell RNA-seq data from the GSE149614 dataset, they identified 9 cell types, among which macrophage had the highest communication intensity with the rest of the cell types. Based on specifically highly expressed genes of macrophage, they successfully divided HCC patients into three clusters with distinct prognosis, TME, and therapeutic response. Additionally, a risk system was constructed, which provided a potential reference index for the prognostic target and preclinical individualized treatment of HCC. Immunogenic cell death (ICD) plays an important role in the development of cancers. Xiang et al.attempted to explore the role of ICD in the prognosis of HCC. They established a prognostic model including six ICD associated genes for HCC, which may deepen our understanding of ICD and guide therapy for HCC patients. Yang et al. developed and verified a new signature comprising immune- and lipid metabolism-associated markers. This signature can be applied to survival prediction, individualized chemotherapy, and immunotherapeutic guidance for patients with liver cancer. They also provided potential targeted therapeutics and novel ideas for the immune evasion and progression of HCC.
Despite being the standard therapy for advanced HCC, sorafenib frequently encounters resistance, emphasizing the need to uncover the underlying mechanisms and develop effective treatments. Chen et al. highlighted the crucial interplay between the TME, cancer stem cells (CSCs), and epithelial-mesenchymal transition in the context of sorafenib resistance, and proposed that new therapeutic strategies must consider the effects of TME and CSC activation in order to effectively overcome sorafenib resistance in HCC. Cabozantinib (CNB) is a TKI with multiple targets implicated in tumor pathology, including tumor growth, metastasis, and angiogenesis. However, due to the lack of effective targeted drug delivery, its therapeutic effect is poor. Therefore, there is a need to develop a robust and controlled drug delivery system. Bhattacharya et al. developed a promising drug delivery system, consisting of CNB-loaded nanoparticles made from Poly D, L-lactic-co-glycolic acid, and Polysarcosine (CNB-PLGA-PSar-NPs). They found CNB-PLGA-PSar-NPs were effective in inducing apoptosis in HepG2 cell, and observed in vivo antitumor activity was well reported in SCID female mice.
Zhou et al. screened afatinib-associated differential expressed genes based on transcriptomic data of HCC patients and used the Genomics of Drug Sensitivity in Cancer 2 database to select small-molecule drugs targeting genes. They founded that ADH1B is a key afatinib-related gene, which is associated with the immune microenvironment and can be used to predict the prognosis of HCC. It is also a potential target of candidate drugs (panobinostat, oxaliplatin, ixabepilone, and seliciclib). Zou et al. demonstrated that nanosecond pulsed electric fields (nsPEFs) have an excellent ablation effect in HCC mice. Compared with normal mice, the gut microbiome diversity of HCC mice was increased and the serum metabolism was significantly altered in nsPEFs group, suggesting that gut microbiome and serum metabolites may participate in the prognosis of HCC ablation. Exosomes are crucial therapeutic agents for a variety of illnesses, such as cancer and autoimmune diseases. Ghaffari et al. reviewed biogenesis of exosome, types of exosomes, and exosome isolation methods. They also discussed the role of exosomes in the development of cancer, exosome-based tumor suppression strategies, the use of exosomes as carriers in the treatment of hematological malignancies. Finally, this study summarized the challenges and limitations of the therapeutic use of exosomes.
For most patients, radical resection, which is advantageous because of its high surgical resection rate and low mortality rate, is the preferred treatment. Unfortunately, the 5-year recurrence rate after radical resection of liver cancer is still high at 60%–70%, and the overall survival rate is still low. Therefore, the prognostic factors and prognostic models after curative resection of HCC patients are urgently needed. Yang et al. constructed a pre-to postoperative alpha-fetoprotein ratio-based nomogram to predict tumor recurrence, and achieved good prediction function. While, Yang et al. founded corona enhancement and MVI could be used to characterize patients with macrotrabecular-massive (MTM)-HCC and predict their prognosis for early recurrence and overall survival after surgery.
HCC often occurs in the setting of chronic liver disease or cirrhosis, while liver disease such as viral hepatitis, alcohol induced liver disease, and non-alcoholic fatty liver disease is a major risk factor for the development of HCC and has been demonstrated to alter the immune microenvironment. Therefore, Brown et al. summarized the liver immune microenvironment, as well as the relative effect of liver disease on the immune microenvironment. In addition, they reviewed how changes in the immune microenvironment can lead to therapeutic resistance, as well as highlight future strategies aimed at developing the next-generation of therapies for HCC.
ICC is a highly aggressive primary liver cancer, with increasing incidence worldwide. Effective first-line treatments for advanced ICC patients are currently limited. Therefore, Huang et al. aimed to assess the efficacy and safety of programmed death-1 (PD-1)/programmed death-ligand 1 (PD-L1) inhibitors in combination with gemcitabine/cisplatin (GC) and lenvatinib as first-line treatment in advanced ICC patients. They included 51 advanced ICC patients, among whom 25 patients were administered with PD-1/PD-L1 plus lenvatinib and 26 patients were administered with PD-1/PD-L1 plus GC. The results showed PD-1/PD-L1 inhibitors in combination with lenvatinib or GC all demonstrated significant efficacy and safety as first-line treatment in patients with advanced ICC. As for patients who refuse or are intolerant to chemotherapy, PD-1/PD-L1 plus lenvatinib would be recommended. Intrahepatic mucinous cholangiocarcinoma (IMCC) is a rare subtype of ICC. Limited data describe the genetic characteristics of IMCC and insights on its pathogenesis are lacking. Zeng et al. employed somatic mutations, transcriptome, proteome and metabolome of tumor tissue obtained from a case of IMCC to clarify the pathogenesis of IMCC. A total of 54 somatic mutations were detected. The results showed the genes consistently upregulated at the transcription level and in the proteome were enriched for mucin and mucopolysaccharide biosynthesis, for cell cycle functions and for inflammatory signaling pathways. Transcription factor ONECUT3 possibly activates the transcription of mucin and mucopolysaccharide biosynthesis in IMCC.
In conclusion, TME is critical for the development, treatment, and prognosis of HCC. The interaction among HCC genes microenvironment, immune microenvironment, metabolic microenvironment, and gut microbial microenvironment profoundly affects the growth, metastasis, drug resistance, and recurrence of tumors. With the increasing number of HCC patients and the in-depth understanding of HCC, research on the HCC TME continues to become increasingly important. In the long term, more and more in-depth studies are needed to unravel the interaction mechanism and find potential therapeutic targets.
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Background: Hepatocellular carcinoma (HCC) is a common malignancy with high mortality worldwide. Despite advancements in diagnosis and treatment in recent years, there is still an urgent unmet need to explore the underlying mechanisms and novel prognostic markers. Anoikis has received considerable attention because of its involvement in the progression of human malignancies. However, the potential mechanism of anoikis-related genes (ANRGs) involvement in HCC progression remains unclear.
Methods: We use comprehensive bioinformatics analyses to determine the expression profile of ANRGs and their prognostic implications in HCC. Next, a risk score model was established by least absolute shrinkage and selection operator (Lasso) Cox regression analysis. Then, the prognostic value of the risk score in HCC and its correlation with clinical characteristics of HCC patients were further explored. Additionally, machine learning was utilized to identify the outstanding ANRGs to the risk score. Finally, the protein expression of DAP3 was examined on a tissue microarray (TMA), and the potential mechanisms of DAP3 in HCC was explored.
Results: ANRGs were dysregulated in HCC, with a low frequency of somatic mutations and associated with prognosis of HCC patients. Then, nine ANRGs were selected to construct a risk score signature based on the LASSO model. The signature presented a strong ability of risk stratification and prediction for overall survival in HCC patients.Additionally, high risk scores were closely correlated with unfavorable clinical features such as advanced pathological stage, poor histological differentiation and vascular invasion. Moreover, The XGBoost algorithm verified that DAP3 was an important risk score contributor. Further immunohistochemistry determined the elevated expression of DAP3 in HCC tissues compared with nontumor tissues. Finally, functional analyses showed that DAP3 may promote HCC progression through multiple cancer-related pathways and suppress immune infiltration.
Conclusion: In conclusion, the anoikis-based signature can be utilized as a novel prognostic biomarker for HCC, and DAP3 may play an important role in the development and progression of HCC.
Keywords: hepatocellular carcinoma, anoikis, prognosis, signature, tumor immune microenviroment
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most common subtype of primary liver cancer, ranking sixth in cancer incidence and third in cancer-related mortality worldwide (Sung et al., 2021). Although major advances have been made recently in diagnosis and treatment, such as surgery, chemotherapy and immunotherapy, the prognosis of HCC is far from satisfactory (Kulik and El-Serag, 2019). Therefore, identifying novel prognostic markers to improve the outcomes of HCC patients is still much necessary, and may contribute to optimizing personalized treatment of HCC.
Anoikis is a type of programmed cell death that occurs upon cell detachment from the native extracellular matrix (ECM) (Taddei et al., 2012). Under physiological conditions, anoikis can efficiently remove displaced cells and prevent detached cells from attaching to other tissues. Thus, anoikis plays an important role in tissue homeostasis and development (Taddei et al., 2012; Tajbakhsh et al., 2019). Unfortunately, anoikis is also implicated in pathological processes (Michel, 2003). It was reported that the anoikis of vascular cells was enhanced during cardiovascular infections, thereby contributing to pathological remodeling of cardiovascular tissues (Beaufort et al., 2011). Yin et al. (2022) demonstrated that anoikis resistance promotes fibroblast activation and is involved in pulmonary fibrosis. Moreover, anoikis is closely correlated with the development of human cancers. Survival in the in circulatory system and/or distant organs in the absence of native ECM contacts is a pivotal step for cancer metastasis. Therefore, anoikis resistance is the theoretical prerequisite for the aggressive metastasis of malignancies. The dysregulation of ANRGs has been found in various cancers such as gastric, breast and lung cancer (Madajewski et al., 2016; Du et al., 2018; Du et al., 2021). NOX4 overexpression could promote anoikis resistance in gastric cancer by increasing reactive oxygen species (ROS) generation and upregulating EGFR expression, thereby enhancing the metastasis of gastric cancer (Du et al., 2018). Additionally, anoikis resistance was shown to exert an important function in therapeutic resistance (Sharma et al., 2022). Although anoikis plays a non-negligible role in HCC progression (Hu et al., 2017; Li et al., 2019; Mo et al., 2020; Song et al., 2021), its prognostic value has not been systematically evaluated in HCC.
In this study, we investigated the alterations of ANRGs, explored their prognostic values in HCC and further developed a nine-gene signature that could predict the prognosis of HCC patients. Moreover, we determined the expression of DAP3 protein in an HCC tissue microarray. DAP3 was speculated to be an oncogene involved in the progression of HCC.
MATERIALS AND METHODS
Datasets
The TCGA-HCC cohort, including the mutations, RNA expression profiles and clinical data of 50 non-tumor samples and 370 HCC samples, was utilized for identification. A total of 203 HCC samples from HCCDB were selected as the validation cohort.
Tissue samples
A tissue microarray (TMA) containing 80 paired adjacent non-tumor and HCC tissues was constructed by our laboratory. Our study was approved by the Ethics Committee of the First Affiliated Hospital of Zhengzhou University.
Immunohistochemistry
IHC and evaluation were conducted as previously reported (Cui et al., 2019; Li et al., 2020). Two experienced pathologists blinded to the clinicopathological data separately scored the immunostaining samples. The criteria of the score according to the proportion of positive cells were as follows: none, 0; <25%, 1; 25%–50%, 2; 50%–75%, 3; 75%–100%, 4. The intensity of staining was evaluated as follows: no staining, 0; weak, 1; moderate, 2; and strong, 3. The total score was calculated by multiplying these two subscores. Specimens with scores of 0–4 were classified as low expression, whereas scores of 5–8 and 9–12 were defined as moderate and high expression, respectively. Antibody information is listed in Supplementary Table S1.
Identification and validation of the risk score model
Univariate Cox regression analysis was performed to select overall survival (OS)-related ANRGs, followed by LASSO regression analysis to develop the prognostic model. To prevent the overfitting effect of the model, we determined the parameter λ by tenfold cross validations. Based on the optimal λ value and the corresponding coefficients, nine ANRGs were screened to construct the risk score model. The risk score for each patient was calculated using the following formula:
[image: image]
Coefi and Expi represent the coefficient and expression level of each selected gene, respectively. Based on the median score, patients were divided into low- and high-risk groups. Finally, Kaplan-Meier survival curves were used to evaluate the prognostic capacity of this risk model. Additionally, validation was conducted in the validation cohort.
Pathway enrichment analysis
We performed Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis, Gene Ontology (GO) and Gene Set Enrichment Analysis (GSEA) using R packages to identify the potential mechanisms and related pathways of anoikis regulators in HCC.
Machine learning algorithm
The machine learning algorithm, extreme gradient boosting (XGBoost) with the SHapley Aditive exPlanation (SHAP) method was utilized to investigate the importance of ANRGs in the risk score model.
Statistical analysis
R language was utilized for the statistical analyses. To screen differentially expressed ANRGs in HCC, we performed differentiation analysis by limma in R software (log2|fold change| >1.0, p < 0.05 and adjust p < 0.05). The differences between two groups were determined by Student’s t-test or Chi-square test. Univariate Cox regression analyses were performed to identify prognostic regulators. Kaplan-Meier and log-rank tests were implemented to analyze the survival time of patients. p < 0.05 was considered statistically significant.
RESULTS
Differential expression and prognostic value of anoikis-related genes in hepatocellular carcinoma
To explore the potential mechanism of ANRGs in HCC, we first investigated the mRNA expression profiles of 311 ANRGs in HCC based on the TCGA database. The heatmap showed that these regulators were generally dysregulated in the tumor tissues compared with the non-tumor tissues (Figure 1A). Principal component analysis (PCA) indicated that gene expression profiles between tumor and non-tumor tissues were well differentiated (Figure 1B, Additional file 1: Supplementary Figure S1). To further gain insights into the relevant genetic alterations, we investigated the somatic mutations of ANRGs in HCC. The results demonstrated that only 26 of the 368 patients (7.07%) had somatic mutations (Additional file 1: Supplementary Figure S2), suggesting that somatic mutations may not be the only factor responsible for the dysregulation of anoikis regulators, which needs to be further explored. Subsequently, a total of 178 differentially expressed genes (DEGs) between HCC tissues and non-tumor tissues were identified (Figure 1C). Among them, most regulators were upregulated. The forest plot shows the top 27 ANRGs that were statistically correlated with OS (p < 0.001) (Figure 1D). Collectively, these results suggested that anoikis regulators were generally dysregulated in HCC and had potential prognostic value in HCC.
[image: Figure 1]FIGURE 1 | The variation and prognostic value of anoikis-related genes in HCC. (A) Heat map of ANRGs of non-tumor tissues and HCC tissues. (B) Three-dimensional PCA of the non-tumor samples and tumor samples. (C) The volcano diagram of 311 differentially expressed ANRGs. Red dots: upregulation. Purple dots: downregulation. Gray dots: no significant difference. (D) Univariate Cox analysis of OS in HCC. ANRGs: anoikis-related genes; PCA: principal component analysis; HR: hazard ratio. CI: confidence interval; OS: overall survival.
Identification and validation of the risk score signature of anoikis regulators
As a next step, we performed LASSO Cox regression analysis to further compress these 27 significant ANRGs, thereby reducing the number of genes in the model. Then, a risk score signature was established by tenfold cross-validation (Figure 2A) and the value of λ was determined according to the minimum partial likelihood deviation (Figure 2B). Nine genes (NQO1, ETV4, BSG, HMGA1, DAP3, PBK, BIRC5, PLK1, and EZH2) were ultimately selected for the signature (Figure 2B). The Kaplan-Meier analysis revealed that higher expression of these nine regulators indicated unfavorable prognosis in the TCGA cohort (Additional file 1: Supplementary Figure S3).The risk score of each sample in the TCGA cohort was calculated with the following formula: Risk Score = (0.01964572 × NQO1 expression) + (0.001610727 × ETV4 expression) + (0.141016275 × BSG expression) + (0.031793916 × HMGA1 expression) + (0.120024309 × DAP3 expression) + (0.058951788 × PBK expression) + (0.005813196 × BIRC5 expression) + (0.081335647 × PLK1 expression) + (0.036663928 × EZH2 expression).
[image: Figure 2]FIGURE 2 | Construction and validation of the risk score signature of anoikis-related genes. (A) Selection of the optimal parameter (lambda) in the LASSO model. (B). LASSO coefficients of the 27 ANRGs in TCGA cohort. (C,D) Overall survival analysis for high-risk and low-risk groups in the training (TCGA) cohort and validation (HCCDB) cohort, respectively. (E,F) Diagrams of the risk score, survival status and heatmap for nine model genes in the TCGA and HCCDB cohorts.
To further determine the prognostic value of the signature, we stratified patients from the TCGA-HCC cohort into low- or high-risk groups according to the median score. Figure 2C depicts the distribution of risk scores of patients with HCC and the relationship between risk scores and survival states. Survival analysis demonstrated that patients with high risk scores tended to have shorter OS times than patients with low risk scores (Figure 2E). To determine the robustness of this nine-gene signature, we conducted the same analysis in the HCCDB validation cohort (n = 203). Encouragingly, the results were consistent with the aforementioned findings in the TCGA-HCC cohort (Figures 2D,F, Additional file 1: Supplementary Figure S4). These findings suggested that the anoikis-based signature had good performance and could be utilized as an effective prognostic tool for HCC patients.
Correlations between the risk score and clinical characteristics in hepatocellular carcinoma patients
Subsequently, correlations between the risk score and clinical characteristics were investigated. The expression of nine anoikis regulators and clinical features of HCC patients in the TCGA database were visualized by a heatmap according to risk status (Figure 3A). Further analysis illustrated that advanced TNM stage, poor histological differentiation, vascular invasion and high levels of AFP indicated a higher risk score. Additionally, differential risk scores were observed in patients with progression or a poor OS (Figure 3B, Supplementary Table S2). Our findings suggested that the risk score had significant relationships with the malignancy of HCC.
[image: Figure 3]FIGURE 3 | The relationship between the risk score and clinical characteristics in HCC patients. (A) Heat map of nine anoikis-related genes expression and corresponding clinicopathological features of low- and high-risk group. (B) The relationships between the risk score and clinical characteristics including TNM stage, histologic grade, vascular invasion, AFP level, PFS and OS. **p < 0.01, ****p < 0.0001. TNM, Tumor Node Metastasis; PFS, Progression-Free Survival; OS, Overall Survival.
Contributions of ANRGs to the risk score by machine learning
To evaluate the contributions of nine ANRGs to the risk score, we established a model as the classifier by applying the XGBoost algorithm. Figure 4A shows the rank of nine ANRGs based on the SHAP value. Each dot represents a value of the specific gene. By summing all scores of the samples, the regulators were sorted according to the final scores (Figure 4B).
[image: Figure 4]FIGURE 4 | Contributions of anoikis-related genes to the risk score by machine learning. (A) The rank of nine anoikis-related genes according to the SHAP value. (B) Important feature score in the XGBoost algorithm model.
DAP3 was upregulated in hepatocellular carcinoma tissues
Previous studies have proven that NQO1, ETV4, BSG, and HMGA1 are highly expressed in HCC (Jin et al., 2019; Teng et al., 2019; Yang et al., 2021; Zheng et al., 2022). In addition, the upregulation of PBK, BIRC5, PLK1, and EZH2 was also validated in HCC tissues (Xiao et al., 2019; Yang et al., 2019; Tian et al., 2020; Huang et al., 2021; Lin et al., 2021; Peng et al., 2021). However, the protein expression of DAP3 in HCC has scarcely been investigated, so we selected DAP3 as the candidate molecule. Subsequently, an IHC assay was conducted to explore the expression of DAP3 in HCC tissues. DAP3 protein was mainly localized to the nucleus. As shown in Figures 5A,B, DAP3 was significantly upregulated in HCC tissues compared with adjacent non-tumor tissues which was consistent with the mRNA expression in TCGA.
[image: Figure 5]FIGURE 5 | DAP3 was upregulated in HCC tissues. (A) Representative images of DAP3 staining in adjacent normal tissues and HCC tissues. (B) The comparison of IHC score between adjacent normal tissues and HCC tissues.
Functional analysis of DAP3
To deeply investigate the potential roles of DAP3 in HCC, we performed KEGG pathway analysis based on DEGs between subgroups with differential DAP3 expression. The results indicated that multiple pathways involved in cell proliferation and metabolism were significantly activated in the group with high DAP3 expression (Figure 6A). Figure 6B illustrates the interactions of molecules in these pathways, implying that DAP3 may exert an oncogenic role in HCC mainly through the “HALLMARK_E2F_TARGETS,” “HALLMARK_G2M_CHECKPOINT,” “HALLMARK_MITOTIC_SPINDLE” and “HALLMARK_MYC_TARGETS” pathways. As shown in Figures 6C–F, “cell cycle,” “DNA replication” and “Wnt signaling pathways” were significantly enriched when DAP3 was upregulated. GSEA demonstrated that “G2M checkpoint,” “Mitotic spindle,” Myc targets,” “DNA repair” and “E2F targets,” which are related to cancer development and progression, were significantly activated in patients with high DAP3 expression (Figures 6G–J). These results indicated that DAP3 may serve as an oncogene in HCC.
[image: Figure 6]FIGURE 6 | Functional annotation of different subgroups. (A) KEGG enrichment pathways analysis of differentially expressed genes in DAP3 high expression group. (B) Interactions of multiple pathways. (C,D) KEGG enrichment and GO analysis (E,F) showed that the “cell cycle,” “DNA replication” and “Wnt signaling” pathways were significantly enriched in DAP3 high expression group. (G–J) The GSEA analysis between DAP3 low and high expression groups using hallmark gene sets.
The correlation between immune infiltration and DAP3
As mentioned above, Wnt signaling pathways were apparently enriched in the group with high DAP3 expression. Moreover, recent studies have shown that Wnt pathways are implicated in regulating immune infiltration of the tumor microenvironment. (Chae and Bothwell, 2018; Li et al., 2021; Takeuchi et al., 2021; Du et al., 2023). Therefore, we further explored whether DAP3 expression was related to immune infiltration in HCC based on the TCGA database. The results showed that innate immune cells, including neutrophils, dendritic cells, and natural killer cells, were negatively correlated with DAP3 expression (Figures 7A–E). Moreover, the infiltration of adaptive immune cells such as B cells, T cells, CD8+ T cells and cytotoxic cells, which are responsible for the antitumor response, was significantly inhibited in patients with high DAP3 expression (Figures 7F–I). These findings implied that DAP3 expression might be associated with the immunosuppressive tumor microenvironment of HCC.
[image: Figure 7]FIGURE 7 | Immune infiltration analysis of DAP3. (A–E) Correlation between innate immune cells and the expression of DAP3, including DC, NK cells, and cells. (F–I) The infiltration of adaptive immune cells including B cells, T cells, CD8+T cells and cytotoxic cells, was negatively correlated with the expression of DAP3. DC: dendritic cells; NK cells: natural killer cells.
DISCUSSION
HCC is a highly life-threatening malignancy, and effective predictive biomarkers of HCC are still lacking. Recently, an increasing number of studies have demonstrated alterations of anoikis regulators and their significant role in tumorigenesis and progression in various malignancies, including lung cancer, prostate cancer, breast cancer and glioblastoma (Jin et al., 2018; Tajbakhsh et al., 2019; Du et al., 2021; Sun et al., 2022; Yu et al., 2022). However, the underlying mechanisms and prognostic value of dysregulated anoikis-related genes in HCC remain unclear. Hence, we explored the alterations of ANRGs and constructed a risk score signature to predict the prognosis in HCC.
In this study, we first compared the expression profiles of 311 ANRGs retrieved from the TCGA database in HCC tissues and non-tumor tissues. The results showed that ANRGs were significantly differentially expressed, and PCA based on these dysregulated genes could distinguish tumor and non-tumor samples well. Additionally, we investigated whether somatic mutations contributed to aberrant expression of ANRGs, but few patients (7.07%) exhibited mutations, implying that there may be other regulatory mechanisms that led to alterations in ANRGs. Given the prognostic value of ANRGs evaluated by univariate Cox analysis, we established a nine-gene risk score signature, with NQO1, ETV4, BSG, HMGA1, DAP3, PBK, BIRC5, PLK1, and EZH2, by means of the scoring algorithm to predict HCC patient prognosis. Further analysis suggested that the risk score model had stable capabilities of stratification and prediction for OS in HCC patients. In addition, we found that high risk scores were closely associated with advanced TNM stage, poor histological differentiation, vascular invasion and high levels of AFP. These findings revealed that the anoikis-based gene signature may serve as a potential tool to predict the progression and prognosis in HCC patients.
To obtain more insights into the risk score model, we conducted machine learning via the XGBoost algorithm. According to the contributions of ANRGs, genes were ranked with NQO1, ETV4, BSG, HMGA1, and DAP3 as the top 5 factors. We further identified the elevated expression of DAP3 in HCC and found that DAP3 may be involved in HCC progression by participating in multiple cancer-related pathways, including the cell cycle, DNA replication and Wnt signaling pathways. Notably, emerging data have demonstrated that the activation of Wnt/β-catenin signaling contributes to tumor progression by modulating the infiltration of immune cells into the tumor microenvironment (Swafford and Manicassamy, 2015; Takeuchi et al., 2021). For instance, Marina et al. found that Wnt/β-catenin could promote immune escape in HCC by decreasing the recruitment of dendritic cells and consequently impairing T-cell activity (Ruiz de Galarreta et al., 2019). Although Wnt pathways were activated in response to elevated DAP3, it was not clear whether upregulation of DAP3 was associated with immune infiltration. Interestingly, our study found that there was a negative correlation between immune infiltration and DAP3 expression in HCC.
Previous studies have revealed that NQO1 is upregulated and promotes an aggressive phenotype in HCC (Shimokawa et al., 2020; Yang et al., 2021; Wang et al., 2022). Zheng et al. reported that the enhanced expression of ETV4 by HBx may stimulate the metastasis of HCC (Zheng et al., 2022) The literature showed that the interaction between ETV4 and YAP conferred a growth advantage to HCC and had a protumorigenic role (Xu et al., 2022). Some studies have shown that BSG and HMGA1 play significant roles in the development and progression of HCC (Li et al., 2015; Jin et al., 2019; Teng et al., 2019; Chen et al., 2022). Moreover, elevated expression of PBK, BIRC5, PLK1 and EZH2 was identified in HCC tissues (Xiao et al., 2019; Yang et al., 2019; Tian et al., 2020; Lin et al., 2021; Peng et al., 2021). It was reported that DAP3 was upregulated in pancreatic cancer, breast cancer and correlated with malignant phenotypes (Wazir et al., 2015; Sui et al., 2021). Han et al. elaborated that DAP3 could suppress A-to-I RNA editing in cancer cells and promote cancer progression (Han et al., 2020). However, studies on the expression and potential function of DAP3 in HCC are very limited, and these issues remain to be investigated. Our work as a pioneering study may provide insights into the role of DAP3 in HCC progression.
However, there are some limitations and shortcomings in our study. First, we identified nine anoikis-related genes (NQO1, ETV4, BSG, HMGA1, DAP3, PBK, BIRC5, PLK1, and EZH2) in the risk score model, but only DAP3 protein expression was validated by the tumor microarray. More attention needs to be paid to other molecules in further research. Second, we only investigated the potential function of DAP3 based on bioinformatic analysis. Research on the role of DAP3 in promoting HCC progression is worth conducting in the future.
In conclusion, we developed and validated a risk score signature to predict the prognosis of HCC patients based on dysregulated anoikis-related genes. DAP3 is an important tumor-promoting molecule in HCC. This study provides a unique method for the application of new prognostic biomarkers for HCC.
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Introduction

The study aimed to develop a nano-based drug delivery system for the treatment of hepatocellular carcinoma (HCC), a type of liver cancer that accounts for 90% of all liver malignancies. The study focused on the use of cabozantinib (CNB), a potent multikinase inhibitor that targets the VEGF receptor 2, as the chemotherapeutic drug. We developed CNB-loaded nanoparticles made from Poly D, L-lactic-co-glycolic acid, and Polysarcosine (CNB-PLGA-PSar-NPs) for use in human HepG2 cell lines.



Methods

By O/W solvent evaporation method, the polymeric nanoparticles were prepared. The various techniques, such as photon correlation spectroscopy, scanning electron microscopy, and transmission electron microscopy were used, to determine the formulation's particle size, zeta potential, and morphology. SYBR Green/ROX qPCR Master Mix and RT-PCR equipment used to measure liver cancer cell line and tissue mRNA expression and MTT assay to test HepG2 cell cytotoxicity. Cell cycle arrest analysis, annexin V assay, and ZE5 Cell Analyzer apoptosis assay were also performed.



Results

The results of the study showed that the particle diameters were 192.0 ± 3.67 nm with 0.128 PDI and -24.18 ± 3.34 mV zeta potential. The antiproliferative and proapoptotic effects of CNB-PLGA-PSar-NPs were evaluated using MTT and flow cytometry (FCM). The IC50 value of CNB-PLGA-PSar-NPs was 45.67 μg/mL, 34.73 μg/mL, and 21.56 μg/mL for 24, 48, and 72 h, respectively. The study also found that 11.20% and 36.77% of CNB-PLGA-PSar-NPs-treated cells were apoptotic at 60 μg/mL and 80 μg/mL, respectively, suggesting that the nanoparticles were effective in inducing apoptosis in the cancer cells. It can also conclude that, CNB-PLGA-PSar-NPs inhibit human HepG2 hepatocellular carcinoma cells and kill them by upregulating the tumour suppressor genes MT1F, MT1X, and downregulating MTTP, APOA4. Further in vivo antitumor activity was well reported in SCID female mice.



Discussion

Overall, this study suggests that the CNB-PLGA-PSar-NPs are a promising drug delivery system for the treatment of HCC, and further research is needed to investigate their potential in clinical treatment.
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1 Introduction

It was often seen that when the same kind of chemotherapeutic drugs (like cytarabine, imatinib, Taxol derivatives, etc.) was used over and over again, their effectiveness was limited, and they caused some unwanted side effects in cancer patients (1–3). To solve this problem, individuals need to work with a different set of molecules. On January 14, 2019, the Food and Drug Administration (FDA) of the United States gave its approval for Cabozantinib to treat hepatocellular carcinoma (HCC) (4, 5). Cabozantinib is a tyrosine kinase inhibitor (RTK); which is often seen overexpressed in the outer layer of the cancerous tissues. From recent studies, it was confirmed that Cabozantinib specifically targets endothelial growth factor receptor types 1 (VEGFR-1) (6), endothelial growth factor receptor types 2 (VEGFR-2) (7), FMS-like tyrosine kinase 3 (FLT-3) (8); which ultimately results in the demotion of angiogenesis and proliferation of malignant tumour (9, 10). As far as liver cancer is concerned (11), it is the sixth most frequently recognized cancer and the fourth leading cause of cancer mortality across the globe (12, 13). As per the WHO report, nearly 782,000 deaths have been recorded due to liver cancer, and surprisingly, liver cancer is more common in men than in women. The most commonly available treatment for liver cancer is surgery and chemotherapy (14). But due to a lack of higher toxicity and lower efficacy, the specific chemotherapeutic drug cannot be administered as such. Therefore, a strong and controlled drug delivery is required to reduce all the associated problems related to chemotherapeutic medicaments (15, 16). The possible ameliorate approach could be the drug-encapsulated polymeric nanoparticular approach (17); which could improve the effectiveness of encapsulation, the drug’s sustainability, and enhance intercellular penetration.

In this study, a new type of non-ionic hydrophilic polypeptide called poly (n-methylated glycine) (18, 19) or Polysarcosine (PSar) was used in the delivery of chemotherapeutic drugs by polymeric nanoparticles; which is the best alternative to corona-forming polymer, poly (ethylene glycol) (PEG) (20). Apart from PSar, the Poly D, L-lactic-co-glycolic acid (PLGA) (21) was also used; due to its excellent biodegradability and biocompatibility properties it is an excellent choice for drug delivery. Therefore, an attempt was made to combine PLGA-PSar nanoparticles encapsulated with Cabozantinib (22, 23) (CNB) with a particle size of<200nm; which ultimately helps in to overcome reticuloendothelial opsonization. In my previous study, “Authors (2021)”; it was observed that Docetaxel loaded Psar-PLGA-NPs could be effective against various human cancer cell lines (U-87 MG, HeLa. C2BBe1, HCT-116, NCI–N87, NCI–H929-Luc-mCh-Puro) and subsequently enhances the blood circulation time (24, 25). As per Blerina Shkodra et al. (26) studies, PLGA-DY-635 (BIM-I) nanoparticles (20-70nm) were prepared; which was comprising with Protein Kinase C Inhibitor; Bisindolylmaleimide (26). The prepared nanoparticles have an effective role in selective liver cancer due to their higher cellular uptake and excellent internalization. Surprisingly, no research has been done on the development of polymer PLGA-PSar-NPs even though the antitumor activities of CNB are increasingly being observed through pharmacological means. In this article, we postulate by findings that modified CNB polymeric nanoparticles might be used as a novel drug delivery system for cancer therapy. Another goal of this research is to use a flow cytometry assay to measure the apoptosis of the HepG2 cell line after it has been treated with nanoparticles. Further, reverse transcriptase polymerase chain reaction (RT-PCR) was done to check for certain gene changes and find a small number of cancerous cells.Nevertheless, lactate dehydrogenase assay, pharmacokinetic studies, tissue distribution studies, in vivo cancer activity in SCID female mice, and immunohistochemistry were performed to confirm the biocompatibility, biodistribution, and anti-tumor activity of the prepared CNB-PLGA-PSar-NPs nanoparticles. Therefore, CNB-PLGA-PSar-NPs nanoparticles were formed and tested for the first time in this study against the human HepG2 liver cancer cell line and SCID female mice.



2 Materials and methods


2.1 Materials

Cabozantinib was a gift sample obtained from Neon Laboratories Ltd, Mumbai, India. Poly D, L-lactide, glycolide, polysarcosine, 2-ethyl hexanoate, methylene chloride, and diethyl ether was purchased from Sigma-Aldrich, Bengaluru, India. Dichloromethane, methanol, polyvinyl alcohol, and d-trehalose was purchased from Sd Fine-Chem Limited, Mumbai, India. Spectra Por S/P 2 Dialysis Membrane was a gift sample from Cole-Parmer®, Mumbai, India. From National Centre For Cell Science, Pune, India hepatocellular carcinoma cell line (HepG2) was obtained. Further, Dulbecco’s Modified Eagle Medium (DMEM), Hepatocyte Culture Medium (HHCM), Fetal bovine serum (FBS), tetrazolium salt and propidium iodide (PI), tetrazolium salt (3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (MTT), 4’, 6 diamidino-2-phenylindole (DAPI), Dimethyl sulfoxide (DMSO), was purchased from HiMedia Laboratories Pvt Ltd, Mumbai, India.



2.2 Synthesis of PLGA-PSar

While performing the synthesis of Poly D, L-lactic-co-glycolic acid (PLGA), and Polysarcosine (PSar), the ring-opening reaction was considered (27). At 10 mmHg vacuum pressure and at 160°C, the PSar was dried in at stainless steel container. To enhance the synthesis process, 1.34 g of poly D, L-lactide, and 0.110 g of glycolide were added to PSar (1.25g). In vacuumed condition, the drying process was extended up to 45min, maintaining 160°C. To enhance the reaction, 0.10 g of 2-ethyl hexanoate was added as a catalyst, and further, the reaction was extended up to 6 hours. The resultant copolymer was dissolved in methylene chloride solution, and the solution was ice cold in diethyl ether. The gained product was dried using IKA RV3 V-C Rotary Evaporator; USA.



2.3 Preparations of PLGA-PSar-encapsulated cabozantinib nanoparticles

By O/W solvent evaporation method, the polymeric nanoparticles were prepared. In this process, 20 mg of Cabozantinib and 200 mg of PLGA-PSar copolymers were dissolved in a binary mixture of dichloromethane-methanol (8:2). The mixture was further added into ice-cool water containing 1% polyvinyl alcohol (PVA), the resultant mixture was probe sonicated using AI001-Probe Sonicator 650W (Quick lab, India) for 60 seconds for eight times at 50% amplitude, which ultimately results in the formation of O/W emulsion. To remove unentrapped drug, the colloidal nanoemulsion was further centrifuged at 12,000 rpm for 20 min and washed three times with double distilled water. After lyophilization (28) of the resultant dried nanoparticles using 2.5%w/w D-Trehalose at -85°C, the polymeric nanoparticles (CNB-PLGA-PSar-NPs) were stored at -20°C for further use.



2.4 Size distribution and zeta potential study

The prepared nanoparticles (CNB-PLGA-PSar-NPs) were measured using DelsaNano C (Beckman Coulter, USA) for particle size, polydispersity index (PDI), and zeta potential (29–31). Photon correlation spectroscopy is the name of the fundamental concept behind this instrument. When an electric field is applied, particles or colloidal solutions emit laser light, which can be measured using this instrument. DelsaNano C can measure particles up to 7 m in diameter and even tiny molecules as small as 267 D in concentrations ranging from 0.001% to 40%. This experiment set the laser weave length to 658 nm at 30 mW. The DelsaNano C can detect zeta potentials between -100mV and +100mV for the sample. The emulsion of the nanoparticles was diluted with 0.50 mL of double distilled water and 0.50 mL of pH 7.4 phosphate buffer solution separately and vortexed for 2 minutes to prevent bubbling. The particle size, zeta potential and PDI were measured at 25°C.



2.5 NPs morphology

To determine the morphology of the prepared polymeric nanoparticles, scanning electron microscopy (Hitachi High Technology, SU9000, Japan) was performed (32). With greater stability and instrument resolution at 0.4 nm and 30kV to 1.4 nm and 1kV, 100µL of CNB-PLGA-PSar-NPs were diluted with double-distilled water, and the resulting minuscule quantity was put onto cover slide and dried at room temperature. Using a glass sputter coater, the resultant film was coated with gold under specific vacuumed conditions and scanned under SEM (Carl Zeiss Evo 10 Scanning Electron Microscope). To get proper magnificent images, transmission electron microscopy (TEM) (33) was performed under TEM (Hitachi 7500, Japan). Before performing TEM, the nanoparticles were coated with carbon and placed in Phosphotungstic acid (1%) stained copper grid. The software-generated digital micrograph interprets the evolved images from TEM studies. Atomic force microscopes (AFM) help us learn more about the shape of the CNB-PLGA-PSar-surface (34). The AFM study (AFM5300E, Hitachi) was performed in semiconductor mode and elevated vacuumed condition. During the AFM operation, the AFM prob mobilized in width and lengthwise. The AFM can detect samples within the range of -120°C to 800°C. While operating AFM studies, CNB-PLGA-PSar-NPs suspension was placed in a microscopic slide until the film formed. The kurtosis, average roughness, and average height were calculated for the nanoparticles, and 3D & 2D images were generated for further analysis.



2.6 Physical characterization

To determine specific functional groups in Cabozantinib (CAB), free copolymer (PLGA-PSar), and CNB-PLGA-PSar-NPs, the FTIR spectroscopy (Perkin-Elmer, USA) (35) were performed in the frequency range of 400-4000cm-1. In order to detect the physical nature of the drug after encapsulation within nanoparticles, differential scanning calorimetry (DSC) studies were performed using DSC 4000 System, 100-240V/50-60Hz (Perkin-Elmer, USA). The samples were scanned, maintaining the temperature range at 25-400°C at a flow rate of 10°C/min. To determine Cabozantinib (CAB), free copolymer (PLGA-PSar), and CNB-PLGA-PSar-NPs thermal stability, Thermogravimetric analysis (TGA) (TA SDT Q600) (36) was performed. At an inert nitrogen environment at 30-500°C and 15°C/min heating rate, the TGA analysis was performed. In respect of temperature, the percentage weight loss has been calculated. To determine the structure of crystalline materials and chemical composition information, XRD studies were performed using Bruker D8 Advance diffractometer at CuKα monochromatic radiation and X-ray source of 40kv and 40mA. With the increment of 0.02°and 2s at each step, at 2θ, the diffractograms were recorded between 20° to 70°.



2.7 Encapsulation efficiency

The nanoparticles suspension was placed in a centrifuge and run for 25 min at 10,000 rpm. The obtained nanoparticles were placed in 5mL ethanol for 3h. From the calibration curve, the amount of encapsulated Cabozantinib (CAB) was determined by LAMBDA XLS+ Spectrometer (PerkinElmer Fremont, CA, USA) at 245nm. Percentage drug loading and percentage encapsulation efficiency (%) were calculated from the following equation:

 



After performing three individual experiments, the mean value was calculated (Mean ± SD)



2.8 In vitro drug release studies and drug deposition studies in dialysis membrane

For In vitro drug release studies, Spectra Por S/P 2 Dialysis Membrane (37), 12,000-14,000Dalton 25mm was used. The overnight soaked dialysis membrane in pH 7.4 phosphate buffer solution was tied on dialysis tubes and filled with CNB-PLGA-PSar-NPs suspension comprising 10 mg of Cabozantinib (CAB). After being tied on two sides, the dialysis membrane was placed in 200mL pH 7.4 phosphate buffer solution and kept in sink condition, maintaining the temperature at 37 ± 2°C and 50rpm rotation speed. At specific time intervals, aliquots of the solution have been withdrawn from the donner compartment and replaced with the same amount of fresh pH 7.4 phosphate buffer solution. By compact UV-2600/2700 UV-Visible spectrophotometer, Shimadzu at 245nm, the samples were analyzed. Experiments were performed three times. The same additional process was carried out once more for the evaluation using a pH 5.0 phosphate buffer solution.

Further, various kinetics studies, i.e., zero order, first order, Higuchi, Korsmeyer Peppas model, were performed and concluded that CNB-PLGA-PSar-NPs follow zero-order kinetics. For drug deposition studies in the dialysis membrane, after drug release and diffusion studies, the dialysis membrane was carefully removed and carefully swabbed using pH 7.4 phosphate buffer; three times, the procedure was repeated to ensure no trace of residual particles left onto the diffusion membrane. Further, the dialysis membrane was chopped and entreated in methanol for 48 hr, and the resultant mixture was centrifuged at 50,0000 rpm using Sorvall WX 80 Ultracentrifuge (Thermo Fisher Scientific). The obtained supernatant was analyzed using a compact UV-2600/2700 UV-Visible spectrophotometer, Shimadzu, at 245nm. A standard calibration curve estimated the amount of deposited drug within the dialysis membrane. The purpose of this study was to mimic human epithelial tissue layers.



2.9 In vitro cytotoxicity assays

For performing in vitro cytotoxicity studies, a hepatocellular carcinoma cell line (HepG2) (38, 39) was used. In the presence of a 5% CO2 atmosphere, 100 mg/mL streptomycin, and 100 units/mL penicillin, the cells were cultured in a DMEM medium in the presence of a 10% phosphate buffer solution (40). The resultant cells were seeded in 96-well plates in the presence of 100 μL culture medium and kept for 24 hr. Further, the cells were treated with native Cabozantinib (CAB) and CNB-PLGA-PSar-NPs for 24, 48, and 72hr. The culture media was further replaced with Human Hepatocyte Culture Medium (HHCM) (100 μL), which was included with 2% Fetal bovine serum (FBS) and 0.5 mg/mL of yellow tetrazolium salt (3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide, or MTT reagent (41). The temperature was maintained around 37°C during 4hr of incubation. After incubation, the resultant supernatant was replaced with Dimethyl sulfoxide (DMSO). By using a Bio-Rad model 680 microplate reader, absorbance was recorded at 570nm after 30min. The assay was performed in triplicate form.



2.10 Apoptotic nuclei measurement using DAPI staining

To investigate internalization and to check changes of nuclei apoptosis, DAPI staining and fluorescence microscopy was performed (42). The selective cell line (HepG2) (1.1 × 104 cells/well) were cultured in 6 well plates and the fixing process extended up to 24hrs.Further HepG2 cells were treated with Cabozantinib (CAB) and CNB-PLGA-PSar-NPs for 24h. Using formaldehyde (4%) and 2% phosphate buffer solution, the cells were washed and fixed. By utilizing Triton-X (0.2%) and 4′,6-diamidino-2-phenylindole (DAPI) (3mg/mL in 2% phosphate buffer solution), the permeabilization and straining of cells were achieved.



2.11 Cell cycle arrest analysis

For cell cycle analysis, propidium iodide (PI) (43) staining was used to analyze DNA content in a different phase of the cell cycle. In the presence of 10% phosphate buffer solution, penicillin-streptomycin (1%), the HepG2 cells (5 ×104 cells) were seeded in 12 well plates filled with Roswell Park Memorial Institute (RPMI) 1640 medium and 15% Fetal bovine serum (FBS) albumin. After 24hr of incubation, the cells were treated with Cabozantinib (CAB) and CNB-PLGA-PSar-NPs. The addition of trypsin solution and 70% ethanol would help in trypsinization and the fixation of cells. After 72 hrs, the fixed cells were injected with propidium iodide (PI)and ribonuclease A for 45 min. The cells were further analyzed using a ZE5 Cell Analyzer and 5 lasers (BIO-RAD, USA). The cell fractions of different cell phases were analyzed at 6 ×104 events. All the experiments were performed in triplicate.



2.12 Annexin V staining apoptosis analysis

To determine apoptotic and necrotic cells, annexin V assay was used (44). At specific IC50 value of free Cabozantinib (CAB) and CNB-PLGA-PSar-NPs, the cells were treated (3×105 cells/well) in 6-well plates. After 48hr, the cells were washed and re-suspended in 1000µL of phosphate buffer solution. In this cell-suspended solution, annexin V-FITC (10 μL) and PI staining solution (10 μL) were added at 25°C and in a dark environment, the incubation process was continued for 10 min; the flow cytometric analysis was performed by considering Annexin V-FITC Apoptosis Staining/Detection Kit (ab14085). The data was entreated by BD Accuri C6 Plus Software.



2.13 Real-time reverse transcription PCR assay

RT-PCR (real-time-reverse transcriptase polymerase chain reaction) is a laboratory technique used to detect and quantify specific genes or gene expression in a sample (45). Cabozantinib is a small molecule inhibitor of tyrosine kinases, including MET and VEGFR2. It has been shown to have anti-tumor activity in various cancer types, including renal cell carcinoma and liver cancer (46). The mechanism of action in RT-PCR experiments is likely related to its inhibition of these kinases, leading to decreased tumor cell proliferation and angiogenesis. Additionally, cabozantinib has been shown to have a direct effect on the tumor microenvironment through the inhibition of fibroblast activation and collagen production, which can also contribute to its anti-tumor activity. In RT-PCR experiments on HepG2 cells (a human liver cancer cell line), when treated with Cabozantinib, it is likely that researchers would observe decreased expression of genes associated with tumor cell proliferation and angiogenesis, such as VEGFR2 and MET. The inhibition of these kinases is the primary mechanism of action for Cabozantinib in cancer cells.When Cabozantinib is encapsulated in poly lactic co glycolic acid (PLGA) and polysarcosin nanoparticles, the drug is delivered in a targeted manner to the cancer cells, resulting in increased efficacy and reduced toxicity (47). The exact mechanism of cabozantinib in respect of RT-PCR is not well understood, but it is likely that the drug works by inhibiting the activity of the kinases that are involved in the regulation of gene expression and cell proliferation. Researchers may observe an improved therapeutic effect of Cabozantinib on HepG2 cells when delivered via PLGA and polysarcosin nanoparticles, as compared to non-encapsulated Cabozantinib. The HepG2 cells were seeded at 5×105cells/well and further incubated for 24hr at 37°C and in the presence of 5% CO2. In the next step, Cabozantinib (CAB) and CNB-PLGA-PSar-NPs in varying concentrations were introduced in the media. After 24hr of incubation, the enthusiast cells were collected, and RNA was separated by Trizol reagent. The RNA was extracted using NanoDrop (45) spectrophotometer at 280nm. For the extraction of RNA, agarose gel (2%) in TBE buffer (1X) was required. A nucleic acid stain called SYBR Safe (Wilmington, De, USA) was utilized for proper visualization of the cells. The SuperScript First-Strand Synthesis System was utilized to synthesize the process of cDNA. The process has been investigated by Real-Time PCR (qPCR) kit (Thermo Fisher Scientific, USA) with 1µg RNA. By instrumenting SYBR Green/ROX qPCR Master Mix (48, 49), the mRNA expression was evaluated. The row data were normalized according to 2-delta Ct in the presence of β-actin; a housekeeping gene.



2.14 Evaluation of erythrocyte membrane integrity by lactate dehydrogenase

Erythrocytes produce lactate dehydrogenase (LDH), which may be measured photometrically using the LDH test kit/Lactate Dehydrogenase Assay Kit (Colorimetric) (ab102526) (50). For the LDH investigation, blood was obtained from the neighbouring blood bank. The erythrocyte suspension was made according to the methodology described in our earlier research. In 1mL of erythrocyte solution was treated with specific amount of Cabozantinib (CNB), PLGA-PSar-encapsulated Cabozantinib nanoparticles (CNB-PLGA-PSar-NPs), and placebo (PLGA-PSar-NPs) (51). Positive control sample was created by diluting erythrocyte suspension with 1% Triton-X-100, whereas negative control sample was created by diluting erythrocyte suspension with normal saline solution. LDH was generated spontaneously by incubating 150/UL Lactate dehydrogenase (LDH) with erythrocyte suspension at 37°C. During specific time intervals, such as 2h, 4h, and 8h after suspension, 400µL samples were taken and centrifuged for 20 minutes at 1345xg. LDH was detected at 500nm after a ready-to-use LDH solution was added to the supernatant. The total of LDH was calculated using the following formula.

	

Where, A sample stands for Cabozantinib, PLGA-PSar-encapsulated Cabozantinib nanoparticles (CNB-PLGA-PSar-NPs) incubated erythrocytes absorbance, A negative control indicates, erythrocytes absorbance of sample, which was pre-treated with normal saline solution. The A standard indicates the absorbance of erythrocytes sustention, which were pre-treated with 150/UL Lactate dehydrogenase (LDH) enzyme. The experiment was conducted in triplicate, and the results are presented as mean standard deviation (n=3). The RBC survival rate after nanoparticle injection is dependent on the erythrocyte membrane integrity test. Yuanyuan Guo et al. (52) created poly(d,l-lactide-co-glycolide) (PLGA) nanoplatforms for cancer immunotherapy with erythrocyte membrane encapsulation. With these formulations, cellular absorption in vitro was reportedly enhanced (52).



2.15 In-Vivo anti-tumour efficacy study

The SCID female mice of 8–10 weeks old were used in the in vivo effectiveness study (53). SCID stands for severe combined immunodeficiency disorder. Mice were housed in individually ventilated cages with pelleted food, a 12-hour/12-hour dark-light cycle, and unrestricted access to water (supplied ad libitum) in a climate-controlled setting with a temperature range of 25°C ± 3°C. The National Institutes of Health’s guidelines for the care and use of animals were followed when conducting all animal experiments, which included those at Animal House of SPTM, NMIMS, Shirpur, Maharashtra, India. These facilities also complied with CPCSEA (Committee for the Purpose of Control and Supervision of Experiments on Animals) regulations. Mice were subcutaneously injected with cultured HePG2 cells (5x106 cells) in 200µL of RPMI 1640 with 33% Corning Matrigel Basement Membrane Matrix (Sigma-Aldrich, India). When xenograft tumour volumes reached 150mm3 (group mean), as instructed by the experimental protocols, the following treatments were given to mice in four groups (n=6): saline, Cabozantinib (CNB) (20 mg/kg), CNB-PLGA-PSar-NPs (20 mg/kg) once weekly (QW) through lateral tailvein. A digital electronic calliper was used to measure the tumor’s size twice a week. To assess toxicity, body weight was monitored twice weekly. Tumour volume was calculated as (width2 length/2).



2.15.1 Scarification and tumour bulb of liver dissection

The SCID female mice were given thiopental anaesthesia prior to being killed by cervical dislocation. Before being implanted in paraffin wax, liver tissues and tumour bulbs from the descending liver were collected and preserved overnight in 10% formalin (CH2O) with a pH 7.4 phosphate buffer solution.

All the animal experiments were performed in Deshpande Laboratory, Bhopal, India, after approval by the Committee for the Purpose of Control and Supervision of Experiments on Animals (CPCSEA) (approval number: 14010/c/11/CPCSEA).




2.16 Tissue distribution studies

Tissue distribution studies in mice with SCID are required in anti-liver cancer activity to determine the distribution and concentration of a drug within the body after administration (54). This information is important for understanding how the drug is metabolized and cleared by the body, as well as for determining appropriate dosing regimens. Additionally, tissue distribution studies can help to identify any potential toxicities or side effects associated with the drug in specific organs or tissues. In the case of anti-liver cancer activity, knowing the distribution of the drug in the liver would be particularly important to ensure the drug is reaching its target site and effectively inhibiting the growth of cancer cells. The tissue distribution of a bolus dosage of 20 mg/kg i.v. Cabozantinib (CNB), CNB-PLGA-PSar-NPs was documented. The greatest concentration of CNB was found in liver parenchymal hepatocyte tissue. The presence of CNB in the tissues of other essential organs, such as the heart and kidney, suggests that CNB distribution is indirectly dependent on the blood flow and perfusion rate of the organs. The increased affinity of CNB in the liver and pancreas enables the medication molecule to effectively treat liver cancer. However, limited expression of CNB in brain endothelial cells suggests that polymeric nanoparticles are unable to traverse the blood-brain barrier without difficulty.



2.17 Pharmacokinetic study

06 Male Albino Wister rats (200 to 250 g) are separated into two groups (n=3) for the purpose of conducting pharmacokinetic studies (55). For up to 72 hours, a comparative plasma concentration-time profile of Cabozantinib (CNB), CNB-PLGA-PSar-NPs was analysed. The first group was administered 20 mg/kg CNB via intravenous bolus with 0.9% w/v sodium chloride and 10% Methanol (for improving solubility). The second group received an intravenous bolus dose of 20 mg/kg CNB-PLGA-PSar-NPs with 0.9%w/v sodium chloride and 10% methanol (for improving solubility). Using the tail vein of rats, 500µL of blood samples were collected at 0, 0.5, 1, 2, 4, 8, 16, 24, 48, and 72 hours from three animals in each group. Blood samples were stored in a microcentrifuge tube and centrifuged at 7,500 rpm for 30 minutes at 25°C to separate supernatant plasma. The collected samples were analysed using the RP-HPLC system and stored at -80°C (1290 Infinity II LC System, Agilent, USA). Using kinetica 5.0 pharmacokinetics software, the obtained RP-HPLC variables were interpreted in terms of their pharmacokinetics (Thermo Fisher Scientific, Yokohama)



2.18 Immunohistochemistry

Paraffin 10µm thick sections of xenograft HePG2 cancer cell tissues embedded in liver parenchyma blocks. The blocks were imaged in a 10 mM citrate buffer solution and autoclaved for 20 minutes to extract antigens. After heating the section slide blocks, they were allowed to cool for 1.5 hours at room temperature. The sectioned slides were then incubated overnight at 4°C with a primary antibody against Hepatocyte specific antigen (Hep Par 1) (91091816- SK-HEP-1, Sigma-Aldrich, Bengaluru, India). Further, section slides were incubated with enzyme-linked immunosorbent assay (ELISA) horseradish peroxidase (HRP) conjugated Goat anti-Rabbit IgG (H+L) secondary antibody (Thermo Fisher Scientific, Vadodara, Gujarat) for 1hr followed by treatment with 120µL 30-3-diaminobenzide (Dako). For analysing the results of Immunohistochemistry, five square zones (400 m x 400 m) were measured and averaged for the number of stained cells in each sectioned slide. Using GraphPad Prism 9 (San Diego, California) and student t-test statistical analyses were performed.



2.19 Statistical evaluation

The statistical calculation and interpretations were performed by GraphPad Prism 9.0.0.121 (GraphPad Software, San Diego, CA 92108). The experiments were performed thrice and defined as the mean ± standard deviation (SD). For comparison between two groups, student t-test and for multiple groups, ANOVA was applied. The p<0.05 was recognized as statistically significant.




3 Results and discussion


3.1 Preparations of PLGA-PSar-encapsulated cabozantinib nanoparticles

To improvise local therapeutic effects, biodegradable depots in nanosized polymeric particle forms could be the best non-invasive approach for drug delivery applications. Biodegradable synthetic polymers such as, lactic-co-glycolic acid (PLGA) & Poly-Sarcosine (PSar) were used in this experiment for synthesizing polymeric nanoparticles. The polymers are made up of single monomers (56); therefore, the excretion from the body would be effective, and hence, they possess low toxicity (57). These nanosized polymeric nanoparticles could play a fundamental role while delivering a drug to the targeted tissues or oranges. According to Mohadese Alirezaei et al. (58) Vulgaris oil-containing PLGA-chitosan-folic acid nanoparticles (AVEO-PCF-NPs) exhibit excellent anticancer properties against the HT-29 cell line (58). Furthermore, Chinese yam polysaccharides PLGA nanoparticles stabilized Pickering emulsion can be prepared by using 5 mg/mL of PLGA. Due to the presence of PLGA, CYP-PPAS emulsion exhibits outstanding stability at 4°C and 37°C for 28 days, according to Yue Zhang et al. (59). It is clear from both research findings that PLGA exhibits excellent stability and can be a suitable polymer for anticancer drug delivery.

The intrinsic characteristics of polymers are investigated during the selection of any biological macromolecules. These biocompatible polymers help to encapsulate biodegradable particles. For targeting tissues and cells, these agents act as a depot. These kinds of delivery possessed higher non-toxic effects, durability, sustainability and controlled release quality in blood. Most importantly, polymeric nanoparticles enhance the hydrophilicity as well as zeta potential. Polymers become water-soluble when they contain polar or charged functional groups (60). Water or other polar substances can interact with polymers or dissolve them. Further, the presence of PVA in the nanoparticles could influence the zeta potential of the nanoparticles (61).

Nevertheless, polymeric nanoparticles improvise bioadhesive properties and release the nature of the formulations. Therefore, in this experiment, biocompatible PLGA-PSar copolymers are used for the encapsulation. The temperature-sensitive PLGA-PSar copolymers remain in a solution state between 0°C to 20°C and shift to a gel state between 37°C to 77°C. The copolymer is comprised of hydrophilic PSar and a hydrophobic moiety; As a result, the copolymers might function as amphiphilic copolymers. The preparation of oil/water emulsion can instantly be formed when the organic phase is incorporated into the aqueous phase in the presence of prob sonication. The polymeric nanoparticle’s reaction rate can be enhanced due to the presence of Gibbs-Marangoni effects (62). The solidification process of nanoparticle preparation helps to build condensed nanoparticles. It was observed during initial analysis to prevent nanoparticle aggregation that emulsifiers within the water in oil interphase restrict nanoparticle aggregation. The amphiphilic copolymer and stabilizer, PVA, has been added as an emulsifier during nanoparticle formulation. The hydrophobic portion (undissociated vinyl acetate portion) of PVA diffused into the organic phase and was eventually trapped inside the nanoparticles. The hydrophilic portion of PVA remains active in the surroundings of hydrophilic segments of nanoparticles, and stability persists due to steric hindrance. PVA contains many hydroxyl groups, forming hydrogen bonds with the water molecules and making it highly soluble in water. The molecular weight and degree of hydrolysis of PVA determine its solubility (63).



3.2 Particle size and morphological studies

The in-vitro drug release profile is very significant; the in-vitro biodistribution and cellular absorption of the prepared nanoparticles display a characteristic and optimum behavior. The CNB-PLGA-PSar-NPs particle size, PDI, and zeta potential could therefore play a crucial role in the stability and all distinctive & optimum behavior of the nanoparticles. From 
Figures 1A, B
, the average particle diameters of CNB-PLGA-PSar-NPs were found to be 192.0 ± 3.67 nm with a PDI of 0.128. The zeta potential was found to be -24.18 ± 3.34 mV in double distilled water; however, in pH 7.4 phosphate buffer solution, the zeta potential of the nanoparticles was found to be -23.89 ± 1.07 mV. From the particle size distribution curve, it can conclude that the exact binomial distribution or Gaussian distribution had been recorded. Rifampicin-loaded PLGA nanoparticles (RIF-NPs) can be formed using the nanoprecipitation method, according to Eva Snejdrova et al. (64), to treat musculoskeletal infections (64). The obtained nanoparticles range in size from 200 to 380 nm and have a negative zeta potential. Paclitaxel and Lapatinib dual-loaded chitosan-coated PLGA nanoparticles with a particle size range of 157.4 ± 9.2 to 263.5 ± 13.5 nm were created, according to Subrahmanyam Pitchika et al. (65). These two studies suggest that PLGA can be used to create nanoparticles with sizes between 180 and 400 nm; the results are consistent with our recent studies. During nanoparticles size measurement, it was observed that after encapsulation of Cabozantinib inside of the polymeric nanoparticles, the core diameter increases for the nanoparticles, and hence Cabozantinib encapsulated nanoparticles are more significant in size than blank nanoparticles. Due to the higher negative zeta potential of the formulation, the formulation could have a longer circulation half-life. Due to the deportation of H+ ions from the carboxylic group of PLGA, the negative zeta potential has emerged. Since zeta podetial is a surface phenomenon, it was observed that zeta potential and particle size are inversely proportional; which means increasing PLGA-PSar concentration on the outer surface of the nanoparticles would lead to a decrease in zeta potential. Hence, higher negative zeta potential could lead to the formation of smaller particle sizes and, thus, higher migration capacity observed in nanoparticles, which ultimately provides good stability in colloidal dispersion. The drug loading capacity of CNB-PLGA-PSar-NPs was found to be 14.67 ± 3.86%, and encapsulation efficacy was found to be 76.35 ± 2.76%. The monodispersed nature of the polymeric nanoparticles was further investigated using a scanning electron microscope (SEM). The SEM results suggest that there is a persistent similarity of particle size results obtained from the particle size analyzer with SEM results. The homogeneity of the nanoparticles with core structure was observed in SEM images with the highest diameter of 228.8 nm. It measured the lowest diameter at 124.3nm (
Figure 1C
). The average particle size obtained by Delsa Nano C instruments (Beckman Coulter, USA) was found relatively more significant than the results obtained from SEM (Carl Zeiss Evo 10 Scanning Electron Microscope) analysis; which is due to the presence of dehydration environment during the time of the SEM experiment. 
Figure 1D
 represents the TEM analysis of CNB-PLGA-PSar-NPs, which indicates perfect spherical-shaped drug-loaded nanoparticles (<200nm). From scanning force microscopy or atomic force microscopy, the non-destructive surface of nanomaterials, kurtosis (0.712), skewness (0.264), and roughness (4.134), can be measured using NOVA software. From 
Figures 1E, F
 the average height of the nanoparticles was found to be 198.67 ± 0.32 nm; the obtained particles’ average height had significant similarity with the results obtained from SEM, TEM, and DLS studies, indicating the vital significance of the particles in different measurement conditions. The AFM report suggests the spherical and symmetrical nature of the prepared CNB-PLGA-PSar-NPs surface.




Figure 1 | 
Physical characterization of the CNB-PLGA-PSar-NPs: (A) Size of the NPs. (B1) Zeta potential of the NPs in water; (B2) Zeta potential of the NPs in Phosphate buffer solution (pH 7.4).(C) Field emission scanning electron microscopy (FE-SEM) images of the NPs. (D) Transmission electron microscopy (TEM) of the NPs (E) Atomic force microscopy image of NPs in 3D (F) Atomic force microscopy image of NPs in 2D.





3.3 Fourier transform infrared spectroscopy

The main intention of FTIR spectroscopy was to identify the complete loading capacity of the drug into the carrier. The FTIR spectroscopy of Cabozantinib (CNB), PLGA, PSar, PLGA-PSar-NPs (without drug), and CNB-PLGA-PSar-NPs (with drug) were displayed in 
Figure 2A
. In Cabozantinib (CNB) spectra, at 1221.904 cm-1 N-O aromatic stretch was observed, C=O stretch was observed at 1646.66 cm-1, at 3411.42 cm-1 aromatic O-H stretch was observed. poly D, L-lactic-co-glycolic acid (PLGA) shows characteristic peak at 1606.61 cm-1, 1742.85 cm-1 & 2977.14 cm-1 indicating the presence of carboxylic acid C=O stretch, ester C=O stretch and carboxylic acid dimer O-H stretch respectively. The polysarcosine (PSar) also shows a characteristic peak at 1723.80 cm-1, 3305.71 cm-1, which indicates the presence of aldehyde C=O stretch & O-H stretch. The placebo formulation (PLGA-PSar-NPs) showed strong C=O stretch at 1733.33 cm-1; however, no significant characteristic peak was observed between 2750 cm-1 to 4000 cm-1, indicating the complete encapsulation of PSar and PLGA within the placebo nanoparticles. The final CNB-PLGA-PSar-NPs shows a characteristic peak at 1761.90 cm-1, 2939.04 cm-1, 3315.23 cm-1 indicating the presence of monomeric C=O stretching, carboxylic acid dimer OH stretch, and alkynes C-H stretch. The appearance of CNB-PLGA-PSar-NPs FTIR spectra indicates the interactions of Cabozantinib (CNB), PLGA, and PSar.




Figure 2 | 

(A) FTIR data of Cabozantinib (CNB), PLGA, PSar, PLGA-PSar-NPs, CNB-PLGA-PSar-NPs. (B) In vitro release kinetics of CNB from CNB-PLGA-PSar-NPs in PBS at pH 5.0 and 7.4 and data are presented as mean ± SD (n= 3).





3.4 In vitro release kinetics of cabozantinib

For the Hepatocellular carcinoma (HCC) treatment, it is essential to have prolonged and consistent release of Cabozantinib (CNB) from CNB-PLGA-PSar-NPs. The release of Cabozantinib (CNB) from the polymeric nanoparticles was estimated in pH 5.0 and pH 7.4 at 37°C. It was palpable from the release profile; the drug has shown an initial bust affect up to 4th hour of drug release. This burst release signifies the presence of drug content onto the surface of polymeric nanoparticles, which elevates initial drug release. After 5th hr a steady state concentration was reached at both the pH and hence prolonged release drug profiling was witnessed at 140hr. It was observed that at pH 7.4, the drug release from CNB-PLGA-PSar-NPs was found to be much more profound as compared to drug release at pH 5.0. At 140th hours in pH 7.4 the Cabozantinib shows they release up to 84.25 ± 7.89% whereas else, at pH 5.0, Cabozantinib from the nanoparticles was found to be 96.56 ± 7.89%. It was observed that during the time of cellular internalization at pH 5.0, Cabozantinib (CNB) shows higher releases as compared to pH 7.4; which may be due to the acidic nature and pH-sensitive behavior of the cancerous cell surface (
Figure 2B
). The pinocytosis and endocytosis are responsible for cellular internalization of nanoparticles. The prolongation in drug release in the tumour site could enhance the effectiveness of chemotherapeutic drugs near to the cancerous cells. Further, the nanoparticular approach incepted in this research could enhance the selectivity profiling of the medicaments, and in lower dosage regimes, it can effectively target cancerous cells omitting healthy cells. The prolonged-release profiling of the nanoparticles could enhance the delivery of drug in constant manner into the cancerous cells, which ultimately leads to an increase the cytotoxicity effects.



3.5 In vitro cytotoxicity

The 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyl tetrazolium bromide (MTT) (66) assay helps to determine the cytotoxicity effects of free Cabozantinib (CNB) and CNB-PLGA-PSar-NPs against hepatocellular carcinoma cell line (HepG2). The IC50 value of Cabozantinib (CNB) loaded polymeric nanoparticles (CNB-PLGA-PSar-NPs) was found to be 45.67 μg/mL, 34.73 μg/mL, and 21.56 μg/mL respectively, when exposed at 24hr, 48hr and 72hr. 
Figure 3
 suggests that in time and dose-dependent manner, the free Cabozantinib (CNB) and Cabozantinib (CNB) loaded polymeric nanoparticles (CNB-PLGA-PSar-NPs) show anticancer effects against hepatocellular carcinoma cell line (HepG2) (67, 68). Due to the control and slow-release properties of the drug from the polymeric nanoparticles, it exhibits a higher cytotoxicity profile as compared to free Cabozantinib (CNB). Therefore, polymeric nanoformulations could be the best formulation approach to deliver anticancer drugs in targeted site. As per Gao Feng Liang et al. (69) research, the suppression effects of the miRNA can be enhanced when PLGA-based gene delivery is performed for HePG2 cells. The PLGA nanoparticles could be the best possible vector carriers for miRNA with significant transfection efficiency (69). These nanoparticles show good serum stability against commercially available liposomes. Cabozantinib is a tyrosine kinase inhibitor that tends to block both the MET and VEGF pathways from functioning, as Qiuhong Yang et al. (70) study confirmed (70). The cabozantinib-loaded micelles outperformed the free cabozantinib solution in terms of intracellular accumulation and cytotoxicity in human glioblastoma cancer cells and non-small lung cancer cells. These findings imply that the micellar form of cabozantinib may be an effective nanocarrier for cancer therapies. As per Xiaoling Nie et al. (71) research by using the nanoprecipitation method, SP94 peptide surface grafted poly (ethylene glycol)-poly (lactic-co-glycolic acid) biodegradable polymeric nanoparticles were prepared for the delivery of cryptotanshinone (71). The SP94 peptide surface grafted polymeric nanoparticles significantly increase cellular apoptosis and cytotoxicity against hepatocellular carcinoma cell line (HepG2). As per Xiaobo Yang et al. (72), Cabozantinib has a significant effect against Hepatocellular Carcinoma (72). However, no studies have been reported so far which emphasized lactic-co-glycolic acid (PLGA) & Poly-Sarcosine (PSar) encapsulated Cabozantinib (CNB) nanoparticles’ In vitro cytotoxicity effects against hepatocellular carcinoma cell line (HepG2). The controlled release pattern of CNB-PLGA-PSar-NPs enhances the therapeutics effects due to its specific pathways and maintaining higher intercellular concentration.




Figure 3 | 
Effect of different concentrations of CNB-loaded CNB-PLGA-PSar-NPs and free CNB on the viability of hepatocellular carcinoma cell line (HepG2) cells after 24, 48, and 72 h incubation. The figure shows that CNB-loaded CNB-PLGA-PSar-NPs are more anti-proliferative when compared with CNB (*p < 0.05). The cell viability was determined by MTT assay. These experiments are performed thrice mean ± SD; n= 3, *p < 0.05, **p < 0.01, where CNB group is considered as control.





3.6 DAPI staining

To investigate the cell viability of hepatocellular carcinoma cell line (HepG2) accurately after administration of free Cabozantinib (CNB), and Cabozantinib loaded polymeric nanoparticles (CNB-PLGA-PSar-NPs), the treated cells were stained with 4′,6-diamidino-2-phenylindole, (DAPI) reagent and visualized under fluorescence microscopy to check resultant morphology. The section shows circular-shaped cells without any shattering (
Figures 4A, B
). The fluorescence intensity of particle uptake was measured and reported in 
Figures 4C, D
. However, small hemispherical nuclei were observed when cells were treated with free Cabozantinib (CNB) and CNB-PLGA-PSar-NPs. The higher dose of free drugs and nanoparticles shows a significant increase of apoptosis. The CNB-PLGA-PSar-NPs treated cells show dramatical apoptosis against HepG2 cells as compared to free Cabozantinib (CNB). Altogether, the viability of the HepG2 cells decreases when treated with higher concentrations of CNB-PLGA-PSar-NPs due to the persistent DNA damage.




Figure 4 | 
Carbozanitib (CNB)-induced apoptosis and DNA damage in hepatocellular carcinoma cell line (HepG2) cells as examined by DAPI staining. HepG2 cells exposed to different concentrations of CNB-loaded CNB-PLGA-PSar-NPs and free CNB for 48 h and apoptosis was determined by DAPI staining by fluorescence microscopy. (A) represented the control (untreated), CNB 60 μg/mL, and CNB 80 μg/mL, respectively. (B) represented the control (untreated), CNB-PLGA-PSar-NPs 60 μg/mL, and CNB-PLGA-PSar-NPs 80 μg/mL, respectively. (C) Mean fluorescence intensity of HepG2 cells at 48hr when treated with 60 and 80 μg/mL of CNB. (D) Mean fluorescence intensity of HepG2 cells at 48hr when treated with 60 and 80 μg/mL of CNB-PLGA-PSar-NPs. Data are presented as mean ± SD. The graph represents data from two independent experiments. p<0.05, student t-test.





3.7 Cell cycle arrest analysis

It is essential to measure Cabozantinib (CNB) and CNB-PLGA-PSar-NPs mediated growth inhibition and to identify its specific molecular mechanism by cell cycle arrest studies. In this study, the specific DNA content of HepG2 cells was analyzed. The study was designed for 48 hr, where 60 and 80 µg/mL Cabozantinib (CNB) and CNB-PLGA-PSar-NPs were exposed in HepG2 cells. The dose-depending cell cycle arrest can be witnessed for Cabozantinib (CNB) and CNB-PLGA-PSar-NPs (
Figures 5A–D
). The drug and the formulation have DNA synthesis inhibitor properties, as cycle arrest data suggest that the mitotic division was passed by the cells but arrest can be witnessed in S phase. The percentage of the S phase was elevated from 10.55% to 24.80% for Cabozantinib (CNB) and 11.20% 36.77% for CNB-PLGA-PSar-NPs. The greater DNA damage causes the cell cycle arrest in G1, S and G2/M phase. Varying with this research, Yang Liu et al. (73) witnessed calycosin could induce cell cycle arrest in G0/G1 when treated for hepatocellular carcinoma (HCC) cells (73). It follows AKT signaling pathway. In our current research, S phase arrest is possible due to the inhibition of cell cycle progression which is due to the ant-proliferative effects of Cabozantinib (CNB) and control and target-based release profiling of CNB-PLGA-PSar-NPs. According to Shamim Akhtar Sufia et al. (74), curcumin and indole-curcumin analog-loaded polysorbate 80-stabilized PLGA nanoparticles have a great anticancer effect on SW480 colon cell lines (74). The size of the NPs that were made ranged from 50 to 150 nm. When nanoparticles were used to treat the SW480 cancer cell line, nuclear fragmentation, blocking of the cell cycle, stopping apoptosis, and metastatic biomarkers happened. The effects of Anti-EGFR conjugated Docetaxel loaded PLGA nanoparticles on the human lung carcinoma A549 cell line were studied by Jitendrakumar Patel et al. (75). They discovered that the cell cycle slowed down in the S phase with more cells in the G2/M phase and stopped in the G2/M phase. A549 cell lines, on the other hand, experienced a growth arrest in the G2/M phase when using the DTX-NPs system (75).




Figure 5 | 
Flow cytometry was used to analyse cell cycle distribution and DNA content in HepG2 cells treated by CNB-loaded CNB-PLGA-PSar-NPs and free CNB for 48 h (A, B) The cells were stained with PI and the cell cycle stage was defined by DNA content. (C, D) The percentages of cell populations in the G0/G1, S, and G2/M phases was determined by gating during the flow cytometry experiment for control, free CNB and CNB-loaded CNB-PLGA-PSar-NPs at 60 µg/mL & 80 µg/mL concentration. These experiments are performed thrice mean ± SD; n= 3, **p <0.05,  where untreated group is considered as control.





3.8 Flow cytometry

Flow cytometry was used to do an apoptosis assay to find out how significant the effects of the cell responses were (76). This study explains how cells respond to the given treatment. A paramount percentage of apoptosis was observed in Cabozantinib (CNB), and CNB-PLGA-PSar-NPs loaded group as compared to the untreated control group. The apoptosis percentage was found to be high for CNB-PLGA-PSar-NPs loaded group as compared to the free drug. Almost 20% apoptosis was recorded in the early stage, and 25% apoptosis was recorded in the late stage. Nearly 35% apoptosis was recorded in the late apoptosis chamber. Therefore CNB-PLGA-PSar-NPs possessed a higher therapeutic index and optimum anticancer effects (
Figure 6
). As per Salih Abdul Mahdi et al. (77), 5-FU loaded biocompatible polymeric magnetic nanoparticles and FA-DEX-SPION NPs exert synergistic effects for targeting intracellular delivery of 5-FU, apoptosis induction, and gene expression stimulation (77)




Figure 6 | 
Flow cytometry analysis of HepG2 cells treated with different concentrations of CNB loaded CNB-PLGA-PSar-NPs and free CNB for 48 h, followed by staining with Annexin V-FITC and propidium iodide (PI). Results are representative of three independent experiments.





3.9 Real-time PCR analysis

In this study, we investigated the effects of different concentrations of free Cabozantinib (CNB), CNB-PLGA-PSar-NPs, or a combination of the two on the genes in the human hepatoma HepG2 cell line (78). Affymetrix Human Genome 1.0 S. T arrays were utilized in the study to conduct a microarray analysis. The microarray results were validated using real-time RT-PCR and semi-quantitative RT-PCR. In HepG2 cells exposed for 24 hours to free Cabozantinib (CNB), CNB-PLGA-PSar-NPs at concentrations of 0, 25, and 55 µg/mL. The real-time PCR was used to examine the mRNA levels of MT1F, MT1X, GSTA1, and APOA4. According to the current findings, CNB-PLGA-PSar-NPs change the mRNA expression of the genes listed above much more than free CNB. In other words, when free Cabozantinib (CNB), CNB-PLGA-PSar-NPs-treated cells were compared to control cells, the expression of MT1F, MT1X, and APOA4 was significantly upregulated while the levels of MT1X and MTTP were decreased. The well-known metallothionein MT1F is essential for the stability of the genome, the cell cycle, and apoptosis. It has many different targets. In the presence of glutathione S-transferases, an apoptogenic factor, GST02 as an initiator and GSTA2 as an effector, it has been shown that most polymeric NPs promote penetrability transition, which in turn promotes apoptosis. In a previous study, the main proteins that control mitochondrial-mediated apoptosis were found to be from the MT1X family. The proapoptotic and antiapoptotic activities of MT1X and GSTA1 have been found. Cysteine proteases were successfully conserved by the family of cytoplasmic proteases known as caspases, which is essential in the apoptotic signaling pathway. The most important member of the family, MT1X, is essential for the induction of apoptosis. Microsomal triglyceride transfer protein (MTTP) overexpression in the liver is required for the hepatic secretion of lipoproteins containing apoprotein B (apoB). Inhibition of MTTP results in a decrease in plasma levels of apoB and hepatic triglyceride secretion (
Figure 7
). Overexpression, which is present in more than 45% of human hepatocellular carcinoma cells, causes hepatic cancer in transgenic mice. In this study, we demonstrated that upregulation of the tumour suppressor genes MT1F, MT1X, and APOA4 and downregulation of the genes MT1X and MTTP are the mechanisms by which free Cabozantinib (CNB) and CNB-PLGA-PSar-NPs kill HepG2 cells. However, it is essential to assess the novel therapeutic effects of prepared NPs based on CNB. Dorota Katarzyska-Banasik et al. (79) carried out a similar experiment and chose eight genes for validation: HPRT, HMBS, VIM, SDHA, TBP, RPL13, GAPDH, and 18S rRNA. The ideal combination of reference genes, according to geNorm, is TPP and SDHA (79). P53, P21, Caspase-9, and AKT-1 expressions were upregulated in FA-VNC-DEX-SPION Tera-1-treated cells, during RT-PCR studies, according to Sharafaldin Al-Musawi et al. (80). As per Shuang Liu et al. (81) findings, C-terminal binding protein 1 (CTBP1) was the most stable reference gene among 6 candidates evaluated by genorm and normalfinder in RT-qPCR analysis of tumor tissues from male hepatocellular carcinoma patients with hepatitis B infection and cirrhosis. The stability values for CTBP1 were 0.08 and 0.044 for genorm and normfinder, respectively. The authors recommend using CTBP1 as the best candidate reference gene for RT-qPCR in studies of HCC related to HBV infection.In our current research also MT1X and MTTP were downlreguated.Alltogather the study investigated the effects of different concentrations of free Cabozantinib (CNB) and CNB-PLGA-PSar-NPs on genes in the human hepatoma HepG2 cell line. The study used microarray analysis, real-time RT-PCR and semi-quantitative RT-PCR. The results showed that CNB-PLGA-PSar-NPs change the mRNA expression of certain genes more than free CNB. These changes led to the promotion of apoptosis, and the inhibition of MTTP which results in a decrease in plasma levels of Apolipoprotein B and hepatic triglyceride secretion. The study suggests that the upregulation of tumour suppressor genes and downregulation of certain genes are the mechanisms by which free Cabozantinib (CNB) and CNB-PLGA-PSar-NPs kill HepG2 cells.




Figure 7 | 
The expression levels of MT1F, MT1X, APOA4, MT1X, MTTP genes in relative to the reference gene; Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) in HepG2 cancer cell line treated with the CNB-loaded CNB-PLGA-PSar-NPs and free CNB. *P< 0.05, **P< 0.01 and ***P< 0.001 vs. control was considered significant.





3.10 Erythrocyte membrane integrity

In this investigation, centrifugation was employed to separate plasma and white blood cells from blood, leaving only erythrocytes floating in normal saline solution. Researchers were able to determine membrane integrity by measuring LDH enzyme concentrations. A defect in the erythrocyte membrane integrity produces an increase in LDH release. The amount of LDH released after treating 1 mL of erythrocyte suspension with phosphate buffer solution, Cabozantinib (CNB), PLGA-PSar-encapsulated Cabozantinib nanoparticles (CNB-PLGA-PSar-NPs) (Equivalent to 10, 50, and 100 µg/mL of Cabozantinib), and placebo (PLGA-PSar-NPs) nanoparticles equal to the volume of molecular weights of PLGA nanoparticles of Cabozantinib (CNB) were mentioned respectively. Surprisingly, after 8 hours of incubation, placebo formulations did not demonstrate a significant rise in LDH compared to phosphate buffer-treated samples. At these concentrations of test samples, erythrocytes are not harmed, according to the optional findings. Triton X 100, on the other hand, exhibits exceptionally significant LDH release, suggesting entire erythrocyte destruction. As a consequence, Cabozantinib (CNB) would not alter the integrity of erythrocyte membranes; thus, produced nanoparticles containing Cabozantinib (CNB) would be safe for intravenous administration from the perspective of erythrocyte safety (
Figures 8A, B
).




Figure 8 | 

(A). Amount of LDH release after treating with different concentration (10 µg/mL,50 µg/mL,100µg/mL) of Cabozantinib (CNB), PLGA-PSar-encapsulated Cabozantinib nanoparticles (CNB-PLGA-PSar-NPs), and placebo (PLGA-PSar-NPs) nanoparticles against PBS (posative control) Triton X 100(negative control) at 8th hour. (B). Microsopic images of human erytocytic membrane after incorporation of CNB, PLGA-PSar-NPs, CNB-PLGA-PSar-NPs in the presence of posative and negative control.





3.11 In-vivo anti-tumour efficacy study

For the anticancer study, mice with severe combined immunodeficiency disorder (SCID) were given lateral tail vein injections of Cabozantinib (CNB) (20 mg/kg), CNB-PLGA-PSar-NPs (20 mg/kg). In animals with established HePG2 tumours, Cabozantinib (CNB) 20 mg/kg. i.v. which is a standard-of-care chemotherapy agent for liver cancer, decreased the size of the tumours by a large amount compared to the normal vehicle control. Compared to the vehicle control group, treatment with CNB reduced the size of tumours by 60.3% at 21 days (
Figure 9A
). Compared to the vehicle control, the lyophilized dose of CNB-PLGA-PSar-NPs (20 mg/kg. i.v.) showed an 85.67% reduction in the size of the tumour (
Figure 9B
). So, we can say that CNB-PLGA-PSar-NPs works better against tumours in biological systems. Surprisingly, when CNB-PLGA-PSar-NPs was injected into the animals, they lost weight and had great anti-tumour effects for a long time. This is a strong sign that the drug is targeting tumour tissues. So, polymeric nanoparticle systems of CNB made with PLGA and PSar have the benefit of reducing the higher dose-dependent toxicity of anticancer drugs while at the same time making the drugs work better against cancer. Shu Li et al. (2019 injected SKOV-3 cells into nude mice to induce ovarian cancer while developing folate-modified PLGA-based nanoparticles for the treatment of ovarian cancer. Compare to other groups, higher sensitivity against ovarian cancer is demonstrated by FA-PEG2000-PLGADTX/GEM NPs. Anti-Erb-BTNB-PCL-NPs demonstrated maximum in vivo anti-tumor efficacy in a similar pattern during our experiment.




Figure 9 | 

(A) Tumor regression study in HePG2 cells Xenograft model showing changes in relative tumour volume with time (days) of different groups of SCID (severe combined immunodeficiency disorder) mice (n=6) treated with Cabozantinib (CNB), CNB-PLGA-PSar-NPs. equivalent concentration 20 mg/kg, I.V.) (B) Isolation of tumours after 21 days of studies (C) Comparative in vivo biodistribution of Cabozantinib (CNB), CNB-PLGA-PSar-NPs in rectum, heart, colon, small intestine, stomach, brain endothelium, liver, and kidney after i.v. administration of 20 mg/kg. i.v. bolus dose; values are represented as mean± SD (n=6) (****) highly significance; p<0.00001, (***) moderately significance<0.0001, (**)partial significance; p<0.001, (*) less significance< 0.05, (#) statistically non-significance difference from CNB (p>0.05; all the formulations were compared against controlled group(CNB).





3.12 Tissue distribution studies

The tissue distribution was studied by separating 18 SCID mice into three groups (each group had six mice). The drug and its Nano formulations were administered intravenously (i.v.) at a bolus dose of 20 mg/kg. Groups of mice were given a dosage and then killed eight hours later. The organs such as the liver, heart, colon, small intestine, stomach, brain, rectum muscle, and kidneys were harvested for study. Intact brain endothelial cells were isolated using a stereotaxic device (New Standard TM Stereotaxic Instrument (Model No.: 51500), USA). Tissue samples were washed in 0.9% sodium chloride solution, patted dry, then homogenised in cold physiological solution and filtered. The samples were analysed using RP-UHPLC (Dionex Ultimate, 3000). Bonferroni’s multiple comparisons test showed that CNB had a very significant distribution in liver, heart, stomach, and rectum tissues (p<0.05), suggesting that the nano-formulation (CNB-PLGA-PSar-NPs) would have a wider blood distribution and an appropriately high stomach resistance. Moreover, nanoparticles were found in a much more widespread fashion in the small intestine (p<0.05), indicating sufficient resistance in a basic environment. This also led to a significantly increased concentration of Nano formulations in the rectum. Nano-formulations don’t accumulate in the kidney, as shown by a p>0.05, lending credence to the hypothesis of rapid elimination. There is a significant decrease in drug accumulation in the brain, which is indicative of decreased drug absorption by Nanoformulations across the Blood-Brain Barrier (BBB) and, thus, decreased neurotoxicity. Bio-distribution results showed that CNB and CNB-PLGA-PSar-NPs were more widely distributed in the parenchymal hepatocyte tissue of mice. Which suggests that the Nanoformulations (CNB-PLGA-PSar-NPs) might be a useful tool for delivering CNB to the liver, which could be a promising approach to treating liver cancer (
Figure 9C
).



3.13 Pharmacokinetic study

Cabozantinib (CNB), a BCS class-II drug, has limited anticancer activity due to its low water solubility and poor bioavailability, despite its anti-proliferative effects against solid tumours. In order to increase the systemic bioavailability of Cabozantinib (CNB) and stop the spread of liver cancer, we developed CNB-PLGA-PSar-NPs, which are polymeric nanoparticles encapsulating Cabozantinib (CNB). The relevant pharmacokinetic parameters C0, Cmax, Vd, t1/2, CL, AUC, and MRT are summarised in 
Table 1
. Due to increased tissue bindings of Cabozantinib (CNB) encapsulated polymeric nanoparticles after intravenous bolus administration, as indicated by the pharmacokinetic profile of the drug and drug-encapsulated polymeric nanoparticles, the clearance (CL) value gradually decreased. Indicating that CNB-PLGA-PSar-NPs inhibited opsonin protein adhesion, the mean residence time (MRT) of CNB-PLGA-PSar-NPs was 50.0867 ± 3.78h, which was significantly longer than the MRT of Cabozantinib (CNB). This might be because nanoparticles are sneaky, allowing them to bypass the reticuloendothelial system and prolong systemic circulation. The statistically significant differences between free Cabozantinib (CNB) and CNB contained polymeric nanoparticles (CNB-PLGA-PSar-NPs) were compared using Dunnett’s student t-test. CNB-PLGA-PSar-NPs had significantly higher maximum plasma drug concentrations (C max), total clearance (CL), and area under the curve (AUC) than free CNB (p<0.001). Based on Figure, it was found that the plasma concentration of CNB-PLGA-PSar-NPs, which are polymeric nanoparticles coated with polylactic-co-glycolic acid (PLGA) and polysarcosine (PSar), was significantly higher than that of free CNB. Additionally, the surface finish of nanoparticles influences how well they circulate. The corona coating of PLGA and PSar over nanoparticles prevents plasma protein adsorption, prolongs the time that blood circulates through the body. Therefore, CNB-PLGA-PSar-NPs and all CNB-encapsulated polymeric nanoparticles could function as a potential Cabozantinib (CNB) delivery system to liver cancer (
Figure 10
).


Table 1 | 
Pharmacokinetic parameters Cabozantinib (CNB), CNB-PLGA-PSar-NPs after intravenous administration of 20 mg/kg dose.







Figure 10 | 
Concentration-time profiles in plasma of Cabozantinib (CNB) after i.v. bolus administration of CNB suspension and CNB loaded polymeric nanoparticles (CNB-PLGA-PSar-NPs) at 20 mg/kg to 6 male albino Wister rats (200–250 g) (n=3). The reverse phase HPLC method was used to figure out how much CNB was in the plasma. Put in an HPLC chromatogram showing the amount of CNB in the plasma. The CNB concentration in plasma was determined using reverse phase HPLC. Incorporate the plasma CNB concentration as an HPLC chromatogram.





3.14 In vivo immunohistochemical study

Tumour sections were immunohistochemically (IHC) stained for Hep Par 1 expression. This was done so that the proliferative ability of cancer cells could be evaluated in vivo. Hep Par 1 is a cell marker that can be found during all of the active phases of the cell cycle, including G1, S, G2, and M. It is widely used for the purpose of determining the rate of cell proliferation. A suboptimal response to chemotherapy is associated with high levels of expression of Hep Par 1, which is also linked to aggressive tumour behaviour, vascular invasion, and metastasis of tumours. IHC investigations for Hep Par 1 using paraffin-embedded xenograft cancer tissue blocks from mice with (A) control (PBS-treated) group, (B) CNB -treated group, and (C) CNB-PLGA-PSar-NPs -treated group are depicted in Figure. For the purpose of evaluating the IHC data, five random 400 µm × 400 µm square zones were placed on each sectioned slide. As can be seen in Figure, tumours that were treated with CNB-PLGA-PSar-NPs had a significantly lower Hep Par 1 labelling index (3.14 ± 1.71) than those that were treated with free CNB (9.22 ± 1.67) or the control group (15.26 ± 1.88), indicating that CNB-PLGA-PSar-NPs are effective in inhibiting the growth of tumours. This is supported by the fact that the control group had a significantly higher index. Based on these findings, it appears that CNB-PLGA-PSar-NPs play a significant part in the process of increasing the inhibition of tumour cell growth, causing the death of tumour cells, and demonstrating the ability to assist in the suppression of tumours (
Figures 11A–D
).




Figure 11 | 
Immunohistochemical study for the Hep Par 1 expression by (A) control (PBS buffer treated), (B) free CNB, and (C) CNB-PLGA-PSar-NPs treated tumours. (D) The quantitative analysis of IHC results. Statistical comparisons were made using t-test; * partial significance; p < 0.001; ** moderately significance < 0.000. The treatment was compared with control (PBS buffer treated).






4 Discussion

The fabrication of nanoparticles composed of Poly D, L-lactic-co-glycolic acid (PLGA) and Polysarcosine (PSar) over Cabozantinib (CNB) has been studied for its potential in inducing apoptosis and cytotoxicity in human HepG2 hepatocellular carcinoma cell lines and in SCID female mice model. CNB is a tyrosine kinase inhibitor that is known to have anti-tumor activity, and the addition of PLGA and PSar to the CNB nanoparticles may enhance this activity.In the study, the CNB nanoparticles were fabricated using a double emulsion solvent evaporation method. The PLGA and PSar were then added to the nanoparticles as coating materials. The resulting nanoparticles were characterized for their size, shape, and surface charge. The nanoparticles were further evaluated for cytotoxicity and apoptosis-inducing ability of the CNB-PLGA-PSar-NPs nanoparticles in human HepG2 hepatocellular carcinoma cells. The results showed that the CNB-PLGA-PSar-NPs nanoparticles were more effective in inducing apoptosis and cytotoxicity in the cancer cells than CNB alone. Additionally, the study also found that the CNB-PLGA-PSar-NPs nanoparticles caused a significant downregulation of the expression of genes related to cell proliferation, migration and invasion. Polysarcosine (PSar) and PLGA nanoparticles are advantageous as a delivery system for cabozantinib (CNB) due to their ability to protect the drug from degradation and improve its solubility. Additionally, these nanoparticles can target specific cells or tissues, leading to increased drug efficacy and reduced toxicity. Furthermore, polysarcosine (PSar) and PLGA nanoparticles have been shown to have improved stability, which increases the shelf life of the drug and reduces the need for frequent dosing. The study of Poly D, L-lactic-co-glycolic acid, and Polysarcosine over Cabozantinib nanoparticles (CNB-PLGA-PSar-NPs) has been further confirmed for its excellent bio-compatibility and liver disposition using various techniques such as lactate dehydrogenase (LDH) assay, pharmacokinetics, tissue distribution, immune-histochemistry and in-vivo anticancer effects in SCID female mice. The LDH assay was used to evaluate the cytotoxicity of CNB-PLGA-PSar-NPs on normal human blood erythrocytes and the results showed that the CNB-PLGA-PSar-NPs treated erythrocytes generate less Lactate dehydrogenase in compared to CNB treated erythrocytes. Pharmacokinetic studies were conducted to evaluate the pharmacokinetics and tissue distribution of CNB-PLGA-PSar-NPs in male albino wister rats. The results showed that CNB-PLGA-PSar-NPs had a prolonged circulation time and were preferentially distributed to the liver, which is consistent with the excellent liver disposition of the nanoparticles. Immune-histochemistry was performed to evaluate the anticancer effects of CNB-PLGA-PSar-NPs on HepG2 hepatocellular carcinoma cells; signifying, CNB-PLGA-PSar-NPs play a noteworthy part in the process of increasing the inhibition of tumour cell growth, causing the death of tumour cells. The in-vivo anti cancer results showed that CNB-PLGA-PSar-NPs pointedly reduced the tumor volume and induced cancer cell death. Overall, these results confirm the excellent bio-compatibility, liver disposition and anticancer effects of CNB-PLGA-PSar-NPs in SCID female mice. These findings suggest that CNB-PLGA-PSar-NPs may be a promising therapeutic strategy for the treatment of hepatocellular carcinoma. Further studies are needed to fully understand the mechanisms of action of these nanoparticles and to optimize their design for in vivo use.



5 Conclusion

We created a nanocarrier system based on CNB-PLGA-PSar-NPs that were loaded with Cabozantinib (CNB), and we assessed it using SEM, TEM, AFM, FTIR, in-vitro drug release, and HepG2 cancer cells to determine its anticancer effect. We made nanosized, spherical CNB-PLGA-PSar-NPs particles with a small variety of sizes. The CNB-loaded CNB-PLGA-PSar-NPs had a robust cytotoxic effect on the HepG2 cancer cells. The fact that CNB-loaded CNB-PLGA-PSar-NPs have a more significant HepG2 cancer cell-killing effect than free CNB may be attributed to their sustained and prolonged drug release characteristics, high cellular internalization, and tumour targeting efficacy. Furthermore, it has been shown that the HepG2 cell lines were considerably affected by the CNB nanoformulation’s strong induction of apoptosis. Finally, it has been shown that CNB-loaded CNB-PLGA-PSar-NPs can trigger cell death since cancer cells treated with them have increased tumour suppressor and apoptotic gene activity compared to the free CNB group. The study prepared and tested CNB-PLGA-PSar-NPs nanoparticles for the first time for biocompatibility, biodistribution, and anti-tumor activity against the human HepG2 liver cancer cell line and SCID female mice. We performed lactate dehydrogenase assay, pharmacokinetic studies, tissue distribution studies, in vivo cancer activity in SCID female mice, and immunohistochemistry to confirm the biocompatibility, biodistribution, and anti-tumor activity of the prepared CNB-PLGA-PSar-NPs nanoparticles.Thus, our results demonstrate the potential of innovative CNB-loaded CNB-PLGA-PSar-NPs as a novel strategy for treating hepatocellular carcinoma and the potential of CNB-PLGA-PSar-NPs as a promising carrier in a CNB delivery system.
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Objectives

The macrotrabecular-massive (MTM) subtype of hepatocellular carcinoma (HCC) is aggressive and associated with an unfavorable prognosis. This study aimed to characterize MTM-HCC features based on contrast−enhanced MRI and to evaluate the prognosis of imaging characteristics combined with pathology for predicting early recurrence and overall survival after surgery.



Methods

This retrospective study included 123 patients with HCC that underwent preoperative contrast−enhanced MRI and surgery, between July 2020 and October 2021. Multivariable logistic regression was performed to investigate factors associated with MTM-HCC. Predictors of early recurrence were determined with a Cox proportional hazards model and validated in a separate retrospective cohort.



Results

The primary cohort included 53 patients with MTM-HCC (median age 59 years; 46 male and 7 females; median BMI 23.5 kg/m2) and 70 subjects with non-MTM HCC (median age 61.5 years; 55 male and 15 females; median BMI 22.6 kg/m2) (All P>0.05). The multivariate analysis identified corona enhancement (odds ratio [OR]=2.52, 95% CI: 1.02–6.24; P=0.045) as an independent predictor of the MTM-HCC subtype. The multiple Cox regression analysis identified corona enhancement (hazard ratio [HR]=2.56, 95% CI: 1.08–6.08; P=0.033) and MVI (HR=2.45, 95% CI: 1.40–4.30; P=0.002) as independent predictors of early recurrence (area under the curve=0.790, P<0.001). The prognostic significance of these markers was confirmed by comparing results in the validation cohort to those from the primary cohort. Corona enhancement combined with MVI was significantly associated with poor outcomes after surgery.



Conclusions

A nomogram for predicting early recurrence based on corona enhancement and MVI could be used to characterize patients with MTM-HCC and predict their prognosis for early recurrence and overall survival after surgery.
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Introduction

Hepatocellular carcinoma (HCC) is a malignant tumor with poor overall outcomes and a high incidence of postoperative recurrence (1). The highly heterogeneous nature of HCC makes it difficult to make accurate assessments of the recurrence risk and develop appropriate interventions. A new subgroup of HCC, termed macrotrabecular-massive HCC (MTM-HCC) was proposed in the fifth edition of WHO Classification of digestive tumors (2). MTM-HCC is a highly aggressive phenotype with a poor prognosis, according to genetic alterations and molecular features (3, 4). MTM-HCC is suspected when the trabeculae are more than 6 cells thick, and they account for more than 50% of the entire tumor area (5). Prior studies suggested that the hallmark of MTM-HCC is angiogenesis activation, and the poor prognosis is due to frequent macrovascular and/or microvascular invasion, and satellite nodules (5, 6).

Although the MTM subtype can only be confirmed with histopathology, contemporary guidelines do not recommend routine biopsies for hepatic lesions (7, 8). The Liver Imaging Reporting and Data System (LI-RADS), which shows more than 90% accuracy in diagnosing HCC lesions >2 cm, plays a crucial role in HCC management (9, 10). Some studies demonstrated that an arterial phase enhancement pattern in MRI imaging was independently associated with both early and overall tumor recurrence (10, 11). A CT study demonstrated that preoperative imaging findings of intratumor necrosis and hemorrhage were independent predictors of the MTM subtype (12). Similarly, MRI studies showed that, in primary HCC, contrast−enhanced MRI evidence of substantial necrosis combined with intratumor fat, necrosis alone, or severe ischemia could predict MTM-HCC (13, 14). However, those predictive imaging features were inconstant and their prognostic significance was rarely validated in MRI studies.

Therefore, the present study aimed to investigate prognostic features of the MTM-HCC subtype with dynamic contrast-enhanced MRI in patients with primary HCC that underwent a hepatic resection or transplantation. Then, we validated the prognostic value of those features for predicting clinical outcomes after surgery.



Materials and Methods


Patients

This retrospective study was approved by the hospital Institutional Review Board. The requirement for written informed consent from patients was waived.

Initially, for the primary cohort, 1091 patients were identified that had undergone a surgical resection or liver transplant for primary HCC between July 2020 and October 2021 at our tertiary care hospital. Patients were included when they had undergone dynamic-enhanced MRI in the liver within 2 months prior to surgery. Exclusion criteria were: (a) preoperative antitumoral treatment; (b) unavailable clinical data; (c) poor quality radiologic or pathologic images; and (d) no pathology slides available for review. Then, 53 patients with a pathologic diagnosis of MTM-HCC and 522 patients with non-MTM HCC were identified. According to the data size of the MTM-HCC group, two months of patients (a total of 70 non-MTM HCC patients) were drawn randomly from the non-MTM HCC group as a control. Finally, 53 patients with MTM-HCC and 70 patients with non-MTM HCC were included (Figure 1). The validation cohort comprised other patients that underwent a surgical resection for primary HCC from July 2013 to November 2015 at the same center (15).




Figure 1 | Flow chart shows the patient selection procedure. HCC, hepatocellular carcinoma; MTM, macrotrabecular-massive subtype.



Clinical data were retrospectively collected by reviewing electronic medical records. We collected data on patient demographics and survival; the etiology of chronic liver disease (hepatitis B virus; hepatitis C virus; chronic alcohol consumption; family cancer history; preoperative serum levels of aspartate transaminase, alanine transaminase, albumin, serum ferritin, creatinine, platelets, total bilirubin, and γ-glutamyl transpeptidase; the prothrombin time; alpha-fetoprotein (AFP), carbohydrate antigen 125 (CA125), carbohydrate antigen 19-9 (CA199), and carcinoembryonic antigen (CEA); and the Barcelona Clinic Liver Cancer stage.



Outcome measurements

Patients in this study underwent routine clinical and radiologic follow-ups every 3 to 6 months within the first 2 years after surgery. Radiologic follow-ups included ultrasonography, helical dynamic CT, or MRI. Early HCC recurrence was defined as a recurrence within the first 1 year after surgery (16, 17), regardless of location, based on imaging findings. Patients without recurrence during the follow-up period were censored at the last visit.



MRI examination

MRI images were acquired with a 3.0 Tesla scanner (primary cohort: Signa HDxt or Discovery MR750; validation cohort: Signa HDxt, both from GE, Waukesha, WI, USA). Detailed MRI parameters are provided in supplemental Appendix S1. Dynamic contrast-enhanced scans were collected in the arterial phase (AP), portal venous phase (PVP), and equilibration phase (EP) at 14-20 s, 45-60 s, and 150-180 s, respectively, after injecting 0.1 mmol/kg Gd-DTPA.



Qualitative MRI analysis

Preoperative images were retrieved from a picture archiving and communication system and reviewed independently by two faculty abdominal radiologists with at least 10 (Author A) and 9 years (Author B) of experience. Inter-reviewer disagreements were resolved by consensus with a third observer (Author C, 31 years of experience). The three readers were aware of the HCC diagnosis, but were blinded to clinical history and histopathologic findings, including the MTM-HCC subtype. When more than one lesion was present, the largest was selected for analysis in both imaging and pathology. According to the principles underlying the LI-RADS categorization, the following imaging features were used to categorize patients at high risk of HCC: (a) the largest diameter of the main lesion; (b) the number of segments involved; (c) irregular tumor margins; (d) substantial necrosis, defined as a central area of high-signal intensity on fat-suppressed turbo spin-echo T2-weighted images; (e) hemorrhagic component; (f) fat component; (g) rim arterial phase hyperenhancement (APHE); (h) APHE; (i) corona enhancement (i.e., periobservational enhancement in late arterial phase or early PVP attributable to venous drainage from tumor)defined in LI-RADS 2018 (18); in our study, late AP or early PVP defined as the following: Hepatic artery and branches are fully enhanced, and portal vein is partially or fully enhanced before liver parenchyma reach peak enhancement; (j) non-peripheral washout; (k) enhancing capsule; and (l) tumor in vein.



Histopathologic examination

All the histologic slides were reviewed by an abdominal pathologist with 12 years of experience in liver pathology. The following pathological features were recorded: a. the presence of the MTM subtype, defined as a predominant trabeculae more than 6 cells thick and that occupied more than 50% of the entire tumor; b. tumor differentiation (according to the Edmonson Steiner grade); c. the presence of macrovascular invasion or microvascular invasion (MVI, a pathological criterion defined by tumor emboli in portal radicle veins or vascular spaces lined by endothelial cells in the peritumoral liver (19); MVIs were graded as M0: no MVI (MVI negative), M1: MVI of < 5 and at ≤ 1 cm away from the adjacent liver tissues, and M2: MVI of > 5 or at > 1 cm away from the adjacent liver tissues. In this study, M1 or M2 stands for MVI positive); d. the presence of satellite nodules; and e. the presence/absence of a capsule (i.e., absent, incomplete, or complete).



Statistical analysis

Continuous variables are presented as the median and interquartile range (IQR). Categorical variables are expressed as numbers and percentages. Continuous variables were compared with the Mann-Whitney U test or Student t-test. Categorical variables were compared with the Chi-square test or Fisher’s exact test. Univariable and multivariable logistic regression analyses were performed to identify independent risk factors for the MTM-HCC subtype. Univariable and multivariable Cox regression analyses were performed to identify predictors of early HCC recurrence. Receiver operating characteristic (ROC) curves were constructed to predict early recurrence. Survival was analyzed with the Kaplan-Meier method and log-rank test. Statistical analyses were performed with SPSS (version 22.0) and R software (version 3.5.3). A P<0.05 (two-tailed) was considered statistically significant.




Results


Clinical and pathologic patient characteristics

The primary cohort included 123 subjects; 53 with MTM-HCC and 70 with non-MTM HCC. The validation cohort included 59 subjects; 16 with MTM-HCC and 43 with non-MTM HCC (Figure 1). A comparison of clinical and pathologic variables between the two cohorts showed that the main tumor size and the CA199 level were significantly lower, and the CEA level was significantly higher, in the primary cohort than in the validation cohort. The other variables were sufficiently matched between cohorts (Supplemental Table 1). However, cirrhosis occurred more frequently in the MTM-HCC group of the primary cohort, than in the MTM -HCC group of the validation cohort.

Clinical and pathologic characteristics of the primary cohort were compared between MTM-HCC and non-MTM HCC groups (Tables 1, 2). The median age, sex ratio, and median BMI were comparable between the MTM-HCC group and the non-MTM HCC group (All P>0.05; Table 1). The proportion of patients with Barcelona Clinic Liver Cancer Stage B or C disease was somewhat higher in the MTM-HCC (37.7%) than in the non-MTM HCC group (22.9%; borderline P=0.07), but other characteristics were not significantly different between the two groups (Table 1). At the pathologic level, the MTM- HCC group had significantly more instances of multiple (2 or ≥3) tumors (15.1% vs. 2.8%; P=0.015), Edmondson-Steiner grade III or IV tumors (79.5% vs. 63.9%; P=0.05), and stage 1 or 2 MVI (49% vs. 27.1%; P=0.009), compared to the non-MTM HCC group (Table 2).


Table 1 | Clinical and pathologic characteristics of patients with macrotrabecular-massive subtype of HCC.




Table 2 | Pathologic characteristics of patients with hepatocellular carcinoma in the primary cohort according to macrotrabecular-massive subtype.





MRI findings for the MTM-HCC Subtype

The MTM-HCC group more frequently displayed irregular tumor margins (81.1% vs. 64.3%; P=0.04), substantial necrosis (39.6% vs. 20.0%; P=0.017), a hemorrhagic component (28.3% vs. 10.0%; P=0.009), and corona enhancement (34.0% vs. 17.1%; P=0.031) compared to the non-MTM HCC group (Table 3). The MTM-HCC and non-MTM HCC groups showed no other significant differences, including the LI-RADS categories (Table 3). Representative cases of MVI+CoroEh+ and MVI−CoroEh− are shown in Figures 2A, B.


Table 3 | Mri findings of hcc lesions in the primary cohort according to macrotrabecular-massive subtype.






Figure 2 | Representative cases of MTM and non-MTM subtype of HCC. (A) MTM HCC: 49-year-old woman with a 2.8-cm HCC tumor in hepatic segment V. HCC was the macrotrabecular-massive (MTM) subtype and showed microvascular invasion (MVI). Axial MRI scans in the: (1) arterial phase and (2) portal venous phase show the tumor with corona enhancement: a periobservational region of irregular bright enhancement (arrow). Photomicrographs show the predominant MTM appearance: (3) the trabeculae are more than 6 cells thick, and they account for more than 50% of the entire tumor area (hematoxylin-eosin stain; original magnification, ×50); and (4) the presence of clusters of tumor cells covered by vascular endothelial cells in the peritumoral liver (hematoxylin-eosin stain; original magnification, ×100). Recurrence occurred 11 months after surgical resection. (B) non-MTM HCC: 67-year-old man with 8.1-cm non-MTM HCC. Axial arterial phase MRIs in the: (1) arterial phase and (2) portal venous phase show heterogeneous hyperenhancement in the mass (asterisks) with a clear border, but no corona enhancement. Photomicrographs show: (3) a microtrabecular pattern; and (4) the absence of MVI. Both images are hematoxylin-eosin stained sections; original magnification, ×100. Recurrence did not occur within 2 years after surgical resection.





Risk factors for the MTM Subtype

The univariable logical regression analysis identified three MRI features that were positively associated with a high risk of MTM-HCC: an irregular tumor margin (odds ratio [OR]=2.39, 95% CI: 1.03–5.56; P=0.04), substantial necrosis (OR=2.63, 95% CI: 1.18–5.86; P=0.019), hemorrhagic component (OR=3.55, 95% CI: 1.33–9.50; P=0.012), and corona enhancement (OR=2.49, 95% CI: 1.07–5.78; P=0.034; Table 4). However, a multivariate analysis showed that corona enhancement (OR=2.52, 95% CI: 1.02–6.24; P=0.045) was the only independent predictor of the MTM-HCC subtype. The other characteristics were not independent predictors of MTM-HCC (Table 4).


Table 4 | Predictors for macrotrabecular-massive subtypeby of hcc in the primary cohort by logistic regression analysis.





Development of the combined prediction model for early recurrence

Cox regression analyses identified several factors that influenced an early HCC recurrence after surgical resection (Table 5). A univariable analysis showed that a main tumor size ≥5 cm (hazard ratio [HR]=3.21, 95% CI: 1.39–7.44; P=0.006), corona enhancement (HR=3.53, 95% CI: 1.53–8.15; P=0.003), the MVI (HR=2.84, 95% CI: 1.65–4.90; P<0.001), the Edmonson-Steiner grade (HR=2.29, 95% CI: 1.05–4.97; P<0.037), and macrovascular invasion (HR=2.86, 95% CI: 1.23–6.61; P<0.014) were associated with early HCC recurrence (Table 5). Furthermore, a multivariate analysis showed that corona enhancement (HR=2.56, 95% CI: 1.08–6.08; P=0.033) and the MVI (HR=2.45, 95% CI: 1.40–4.30; P=0.002) were independent predictors of early HCC recurrence (Table 5). Therefore, we selected corona enhancement and MVI to establish a nomogram model for predicting early HCC recurrence (Figure 3A). This model provided better predictions of early HCC recurrence than any single factor (Figure 3B). For the combined model, the cutoff value derived from the primary cohort was −1.520, and that derived from the validation cohort was −2.181. ROC curve analyses of the combined model showed areas under the curve (AUCs) of 0.790 (95% CI: 0.686, 0.894), for the primary cohort, and 0.747 (95% CI: 0.606, 0.889) for the validation cohort (Figure 3C).


Table 5 | Univariable and Multivariable Cox Regression Analysis for Early Recurrence of Hepatocellular Carcinoma in Primary Cohort after Surgical Resection.






Figure 3 | Combined factors for predicting risk of early HCC recurrence. (A) nomogram model incorporates the microvascular invasion (MVI) stage and corona enhancement (CoroEh); the sum is used for predicting early recurrence. (B) Receiver Operating Characteristic (ROC) curve shows the predictive value of the nomogram model in the primary cohort. The combined model (red line) shows better predictive ability than either single factor. The area under the ROC curve (AUC) of the combined model was 0.790, with 78.2% specificity and 68.2% sensitivity. (C) The predictive value of the combined model was comparable in the validation cohort; the AUC was 0.747, with 67.4% specificity, and 75.0% sensitivity.





Survival analysis for recurrence risk stratification

In the primary cohort, early recurrence occurred in 22 (17.9%) of 123 patients, and the median recurrence-free survival was 227 days (range, 73–365 days). We stratified patients into two risk subgroups: one included patients (78/123) with favorable prognoses, with low scores in both MVI and coronal enhancement (MVI−CoroEh−). The other subgroup included patients (45/123) with a high score in either or both factors (MVI+CoroEh−; MVI−CoroEh+; or MVI+CoroEh+); this group was called the non-MVI−CoroEh− group. A Kaplan-Meier survival analysis showed that, compared to the MVI−CoroEh− subgroup, the non-MVI−CoroEh− subgroup had a higher risk of early recurrence (P=0.0052; Figure 4A). This difference was also observed in the validation cohort (33/59 MVI−CoroEh− vs. 26/59 non-MVI−CoroEh−, P=0.0019; Figure 4B).




Figure 4 | Kaplan-Meier plots show the impact of microvascular invasion (MVI) risk and coronal enhancement (CoroEh) status on early post-surgical recurrence-free survival. Patients without MVI or coronal enhancement (MVI− CoroEh−) were compared to the pooled group of patients with MVI and/or coronal enhancement (non-MVI− CoroEh−) in (A) the primary cohort and (B) the validation cohort. P-values are based on the log-rank test.



Seeing that overall survival (OS) was apparently shorter in the MTM HCC than in the non-MTM HCC patients (P<0.0001, Supplemental Figure 1A), we furtherly evaluated the prognostic role of the MVI-CoroEh model in OS. We stratified the validation cohort into four significantly different risk subgroups (P=0.0012, Figure 5A): the MVI−CoroEh− subgroup (33/59); the MVI+CoroEh− subgroup (6/59); the MVI−CoroEh+ subgroup (10/59); and the MVI+CoroEh+ subgroup (10/59). We found that OS was significantly shorter in the MVI+CoroEh+ subgroup than in the other three groups combined (P<0.001, Figure 5B). Moreover, the MVI−CoroEh− subgroup had a significantly longer OS than the other three groups combined (P<0.001, Figure 5C). OS was shorter in the CoroEh+ subgroups than in the CoroEh− subgroups (P<0.0001, Figure 5D), but OS was only slightly shorter in the MVI+ subgroups than in the MVI- subgroups (P=0.08, Figure 5E; Supplemental Figure 1B).




Figure 5 | Kaplan-Meier plots show the impacts of macrovascular invasion (MVI) risk and coronal enhancement status (CoroEh) on overall survival (OS) after surgery in the validation cohort. (A) OS is compared among four validation subgroups: patients without MVI or CoroEh (MVI− CoroEh−) and patients with one or both markers (MVI+ CoroEh−, MVI− CoroEh+, and MVI+ CoroEh+). OS was significantly associated with the (B) non-MVI+ CoroEh+ (p<0.001) and (C) MVI− CoroEh− (P<0.001) subgroups. OS was also significantly associated with (D) CoroEh status (P<0.0001); however, (E) MVI was not significantly associated with OS. P-values were based on the log-rank test.






Discussion

This study showed that corona enhancement was an independent risk factor for identifying the MTM subtype and for preoperatively predicting early recurrence. Additionally, MVI was found to be an independent pathologic predictor. Furthermore, we built a nomogram that combined these two parameters; this nomogram could predict early HCC recurrence and OS, and its predictive value was confirmed in a validation cohort. Our results may provide insight into the essential relationship between coronal enhancement, MVI, and survival in patients with MTM-HCC. Our findings could serve as a reference for clinicians and surgeons in selecting the most appropriate treatment strategy.

Corona enhancement is an ancillary feature of the LI-RADS that favors malignancy; it is typically observed with high arterial input and high venous output around the tumor (20). To date, few studies have analyzed the sensitivity or specificity of corona enhancement for diagnosing or predicting the clinical outcome of MTM-HCC. The present study showed that corona enhancement was an independent factor for identifying MTM-HCC and an independent preoperative predictor of early HCC recurrence. Based on previous studies, corona enhancement was associated with an increased incidence of micrometastases (21); furthermore, it was both a sensitive predictor of high-grade HCC and associated with poor clinical outcomes after resection (22). Thus, it was not surprising that MTM-HCC showed highly aggressive characteristics and significantly more corona enhancement, compared to non-MTM HCC.

Cell growth, migration, and angiogenesis activation were previously identified as markers of MVI in HCC (23). Accordingly, MVI was identified as an independent postoperative factor for predicting early recurrence and OS in HCC (24). Similarly, in this study, MTM-HCC was associated with significantly higher MVI, compared to non-MTM HCC. Corona enhancement and MVI were positively correlated previously. Lee and colleagues showed that corona enhancement was an imaging biomarker for predicting MVI (25). Rhee et al. showed that corona enhancement was part of a combined identifying factor for MTM-HCC, and MVI was an independent prognostic factor for both early recurrence and poor OS (10). Furthermore, in the present study, corona enhancement and MVI were first demonstrated as separate independent preoperative and postoperative risk factors for identifying MTM-HCC and for predicting prognosis, respectively. The combined model showed AUCs of 0.790 and 0.747 for predicting early recurrence of MTM-HCC in the primary and validation cohorts, respectively. Few prognostic models are available for this HCC subtype; thus, the establishment of a nomogram model for predicting early recurrence should provide improved individualized follow-up strategies for postoperative care (10).

Consistent with previous studies (10, 12, 14), our univariate analysis indicated that the presence of an irregular tumor margin, substantial necrosis, and a hemorrhagic component were significantly different between MTM-HCC and non-MTM HCC groups. However, in the multivariate analysis, none of these factors were identified as independent predictors of MTM-HCC. This result might be explained by the relatively small median lesion sizes and the similarity in median lesion sizes between the MTM (3.7 cm, IQR: 2.1-5.6) and non-MTM (3.4 cm, IQR: 2.2-5.3) groups. Indeed, lesion sizes were larger in studies by Cannella et al. (26) and Feng et al. (12), where intratumor necrosis and hemorrhage were found to be identifying factors for MTM-HCC. In HCC, fast-growing or large tumors have insufficient blood supply in the center, which frequently results in a hypoxic intratumoral microenvironment and creates necrotic vessels that rupture (27). However, our results were consistent with some other studies. For example, a previous multicenter study mentioned that tumor necrosis, to some extent, contributed to a false positive diagnosis of MTM-HCC and that an irregular tumor margin showed no association with MTM-HCC (10). Future studies, based on a larger patient cohort, should take the main tumor size into account, when including patients, to eliminate confounding due to variable tumor sizes.

Previously, high serum AFP concentrations were moderately correlated with tumor size (28). Serum AFP may increase in large tumors, due to an increase in intratumoral cell apoptosis. Conversely, small tumors have lower AFP levels (29). It is conceivable that the relatively small HCC lesions found in our cohort might explain the lack of significant differences in AFP levels and hemorrhagic components between the MTM-HCC and HCC groups (30, 31).

This study had some limitations. First, the retrospective nature of the study introduced a selection bias. Second, patients were included based on surgery; therefore, the results might not be generalizable to all HCCs. Our results should be further validated among patients that are undergoing biopsy. Third, the study had a single-center design with a short follow-up time. Further external validation is needed.

In conclusion, we showed that preoperative multiphase contrast-enhanced MRI features were useful for classifying MTM-HCC. Furthermore, we developed a nomogram of corona enhancement combined with MVI, which showed high sensitivity and specificity in predicting early recurrence and OS. This nomogram could assist clinicians in determining individual follow-up strategies for improved outcomes.
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Background: Recent studies highlighted the functional role of protein arginine methyltransferases (PRMTs) catalyzing the methylation of protein arginine in malignant progression of various tumors. Stratification the subtypes of hepatocellular carcinoma (HCC) is fundamental for exploring effective treatment strategies. Here, we aim to conduct a comprehensive analysis of PRMTs with bioinformatic tools to identify novel biomarkers for HCC subtypes classification and prognosis prediction, which may be potential ideal targets for therapeutic intervention.
Methods: The expression profiling of PRMTs in HCC tissues was evaluated based on the data of TCGA-LIHC cohort, and further validated in HCC TMA cohort and HCC cell lines. HCC was systematically classified based on PRMT family related genes. Subsequently, the differentially expressed genes (DEGs) between molecular subtypes were identified, and prognostic risk model were constructed using least absolute shrinkage and selection operator (LASSO) and Cox regression analysis to evaluate the prognosis, gene mutation, clinical features, immunophenotype, immunotherapeutic effect and antineoplastic drug sensitivity of HCC.
Results: PRMTs expression was markedly altered both in HCC tissues and HCC cell lines. Three molecular subtypes with distinct immunophenotype were generated. 11 PRMT-related genes were enrolled to establish prognostic model, which presented with high accuracy in predicting the prognosis of two risk groups in the training, validation, and immunotherapy cohort, respectively. Additionally, the two risk groups showed significant difference in immunotherapeutic efficacy. Further, the sensitivity of 72 anticancer drugs was identified using prognostic risk model.
Conclusion: In summary, our findings stratified HCC into three subtypes based on the PRMT-related genes. The prognostic model established in this work provide novel insights into the exploration of related therapeutic approaches in treating HCC.
Keywords: PRMT, hepatocellular carcinoma, molecular subtypes, prognostic molecular tool, immunotherapy, antineoplastic drug
INTRODUCTION
Liver cancer is the third leading cause of death resulting from cancer worldwide, and it is responsible for 8.3% of all cancer deaths and poses a great health challenge (Sung et al., 2021; Vogel et al., 2022). Hepatocellular carcinoma (HCC) is a major histologic subtype of liver neoplasms (Tumen et al., 2022). Recent years, considerable attention has been paid to exploring novel systemic treatments for HCC patients, especially immune checkpoint inhibitors (ICIs) (Rizzo et al., 2022; Viscardi et al., 2022). Clinical response to ICIs including atezolizumab, nivolumab, and pembrolizumab have been evaluated in HCC patients (Rizzo et al., 2021). However, despite the numerous available treatment strategies, survival rate for HCC patients remains low due to postoperative recurrence, early distant metastasis, and dismal immunotherapeutic response (Lin et al., 2017; Forner et al., 2018). Considering its rising prevalence and worse clinical outcomes, more predictive biomarkers and therapeutic strategies for HCC deserve to be explored.
Protein arginine methylation, catalyzed by protein arginine methyltransferases (PRMTs), is emerging as a critical posttranslational modification (PTM) in various cell biological processes, such as epigenetic regulation, DNA damage response and immune surveillance (Jarrold and Davies, 2019; Dai et al., 2022). Generally, PRMT family enzymes serve as “writers” of PTM, are classified into three types according to the specificity of product: type I PRMTs (PRMT1, PRMT2, PRMT3, PRMT4, PRMT6, and PRMT8) mainly generate asymmetric arginine demethylation (aDMA); type II PRMTs including PRMT5 and PRMT9 that catalyze the formation of symmetric arginine dimethylation (sDMA). PRMT7, identified as type III PRMTs, catalyzes MMA only (Al-Hamashi et al., 2020; Wang et al., 2021; Dai et al., 2022). Recently, aberrant methylation of arginine residues has been implicated in several malignancies and the ectopic expression of PRMTs has been demonstrated in multiple types of tumors including HCC (Elakoum et al., 2014; Hernandez et al., 2017; Zhong et al., 2018; Song et al., 2020; Lei et al., 2022). Further, genetic or pharmacological targeting of PRMTs enhances the anti-cancer effects (Wang et al., 2019; Huang et al., 2021; Janisiak et al., 2021). To gain a holistic insight into the mechanism of PRMTs and successfully develop the effective inhibitors for HCC precise treatment, comprehensive analysis of PRMTs in HCC is urgently needed.
In this work, we first analyzed the expression patterns of PRMTs and screened PRMT-related genes to classify molecular subtypes of HCC. The molecular tools were constructed by analyzing the differences among three subtypes and the functional roles of our prognostic risk model in HCC were further determined. In summary, our findings provide strong evidence for PRMTs to be valuable biomarkers and therapeutic targets in HCC.
RESULTS
Expression and mutation status of PRMTs in HCC
Firstly, we identified the expression patterns of PRMTs in HCC based on TCGA-LIHC dataset. Among the 9 PRMTs, the expressions level of PRMT1, PRMT2, PRMT3, PRMT4, PRMT5 and PRMT7 and PRMT9 in HCC tissues were frequently overexpressed than those in adjacent normal tissues (Figure 1A). Further, PRMT1, PRMT2, PRMT3, PRMT4 and PRMT5 and PRMT6 were significantly correlated with patient’s poor survival (Figure 1B). Somatic mutations were also found in PRMT1, PRMT6, PRMT8, and PRMT9 genes (Figure 1C). In terms of copy number variation (CNV), there was no CNV in PRMT2, and the main CNV in PRMT1 was copy number gain, while the main CNV mode in PRMT3, PRMT4, PRMT5, PRMT6, PRMT 7, PRMT8 and PRMT9 was copy number loss (Figure 1D). Then the protein expression status of PRMTs in HCC tissues was identified based on HCC TMA cohort. Results showed that PRMT1, PRMT3, PRMT5, and PRMT9 were remarkedly upregulated in HCC tissues compared with matched non-neoplastic counterparts (Figure 1E). Further, we evaluated the expression level of 9 PRMT proteins in several HCC cell lines and an obviously altered expression status of PRMTs in HCC cell lines were observed (Figure 1F). These data suggest PRMTs were distinctly differentially expressed in HCC.
[image: Figure 1]FIGURE 1 | Expression and mutation status of PRMTs in HCC (A) The expression profiling of 9 PRMTs between HCC tissues and adjacent normal tissues. (B) PRMTs significantly associated with the prognosis of HCC were displayed in the forest map. (C) The waterfall plot represents somatic mutation status of 9 PRMTs in HCC. (D) The histogram exhibits the CNV pattern of each PRMT family genes. (E) Representative images of IHC staining of PRMTs in HCC TMA cohorts (left). IHC score of 7 proteins in HCC tissues and adjacent normal tissues were further quantified (right). (F) The protein level of 9 PRMTs in HCC cell lines and normal liver cell was determined by western blot.
Three molecular subtypes of HCC were stratified according to PRMT related genes
A total of 1,452 genes were identified as PRMT-related genes through correlation analysis. And 710 genes associated with prognosis in TCGA-LIHC dataset and 176 prognosis-related genes in HCCDB18 dataset were selected out via Univariate Cox regression analysis, respectively. After overlapping the above genes in two projects, 149 risk genes and 1 protect gene were finally filtered out for HCC stratification (Figure 2A). Subsequently, the CDF curve trend and the inflection point of Delta area curve were analyzed, and we choose 3 as the cluster classification number (Figures 2B, C). Thereafter, three molecular subtypes of HCC were obtained (Figure 2D). Compared to C1 and C3 molecular subtypes, patients in C2 subtype had significantly better prognosis in TCGA-LIHC dataset and HCCDB18 dataset respectively (Figure 2E). Significant difference in subgroups distribution and obvious aggregation in each group were observed through PCA analysis (Figure 2F). Meanwhile, the enrichment scores of immune-related genes among three subtypes were prominently different, with the highest enrichment score in C3 and the lowest enrichment score in C2 (Figure 2G). The abundance among three HCC subtypes were significantly different in immune cells quantified by ssGSEA (Figure 2H). The adaptive and innate immune activity among three subsets was also evaluated (Figure 2I). Further, the enrichment degree of 12 immune signatures among the subgroups were examined and we found that the enrichment levels of activated dendritic cells (aDCs), antigen presenting cells (APCs) co-stimulation, check-point, cytokine and cytokine receptor (CCR), macrophage, MHC class I, Th2 cells, regulatory T-cells (Treg) in C2 group were significantly downregulated. Whereas, neutrophils, NK cells and type I/II IFN response in C2 group were obviously upregulated (Figure 2J). Functionally, GSEA analysis of C2 subgroup with the best OS results and C3 subgroup with the worst OS results showed that retinol metabolism and fatty acid metabolism were remarkably enriched in this C2 subtype (Supplementary Figure S1A). Signaling pathways including pathways in cancer, DNA replication, cell cycle and homologous recombination were mainly enriched in C3 subgroup (Supplementary Figure S1B).
[image: Figure 2]FIGURE 2 | Identification of three PRMT related subtypes of HCC and immune status evaluation (A) The Venn diagram shows the PRMT-related genes with potential prognostic value that coincide between the TCGA-LIHC project and the HCCDB18 dataset. (B, C) The CDF curve trend and Delta area with k at 2–10. (D) Cluster heat map for consensus matrix with k = 3. (E) The Kaplan-Meier analysis among three molecular subtypes in TCGA-LIHC cohort and HCCDB18 cohort. (F) The distribution of consensus clusters by PCA. (G) Heat map represents enrichment score distribution of immune genes in three HCC subtypes. (H) The content of 28 immune cells quantified by ssGSEA in three HCC subtypes. (I) The difference of adaptive immunity and innate immunity among the three subsets. (J) The enrichment degree of 29 immune signatures in three clusters.
Prognostic risk model construction and validation based on PRMT related genes
Next, we conducted differential expression analysis between HCC C1 and C3 subtypes, C1 and C2 subtypes, and C2 and C3 subtypes respectively (Supplementary Figures S2A–C). A total of 45 overlapped genes (PRMT; survival-related genes) were obtained among DEGs in three HCC molecular subtypes (Supplementary Figure S2D). The Univariate Cox regression identified 25 genes that were closely related to disease outcome of HCC patients (Supplementary Figure S3A) and then LASSO regression analysis was performed to penalize the linear model and reduce the complexity of the regression model (Supplementary Figures S3B, C). After simplifying the model using Multivariate Cox regression analysis, 11 PRMT-related genes were finally filtered out for prognostic risk model establishment: Risk score = 0.314 × ECT2 + 0.528 × KIF20A + 0.538 × CENPA-0.327 × TOP2A-0.805 × CCNB2-0.195 × PKM-0.28 × AURKB + 0.424×CDC20 + 0.131 × G6PD-0.059 × SLC22A1-0.069 × ADH4 (Supplementary Figure S3D).
To investigate the clinical significance of our risk model, HCC patients were divided into high- and low-risk groups based on the best cutoff value. Remarkable prognostic difference was observed between two groups and the clinical outcome of patients with high-risk score was obviously worse than those in low-risk categories. The area under the receiver operating characteristic (ROC) curve was 0.81 (95% CI 0.75–0.87) in predicting 1-year OS in training samples. For validating group, the maximum AUC was 0.81 (95% CI 0.72–0.91) for 3-year OS in HCCDB18 cohort, 0.7 (95% CI 0.60–0.80) for 5-year OS prediction in GSE14520, and 0.74 (95% CI 0.6–0.88) for 3-year OS in GSE76427 cohort (Figures 3A–D). Meanwhile, risk score displayed significant differences among three molecular subtypes: C2 with the best survival outcome had the lowest risk score, while C3 with the worst survival outcome had the highest risk score (Figure 3E). More importantly, the expression level of PRMTs in C3 subtypes was notably elevated than that in C1 and C2 (Figure 3F). Likewise, compared to low-risk category, the expression intensity of PRMTs in high-risk category was also significantly stronger (Figure 3G).
[image: Figure 3]FIGURE 3 | Prognostic risk model construction and validation (A) Kaplan-Meier curve (left) displays the OS of HCC patients predicted by prognostic risk model in TCGA-LIHC training cohort. The predictive performance was determined by ROC curve (right). (B–D) Kaplan-Meier curve (left) represents the OS of HCC patients validated in HCCDB18, GSE14520, and GSE76427 cohort respectively. The predictive ability was determined by ROC curve (right). (E) The distribution of risk score among the three molecular subtypes. (F) The expression of PRMTs among three molecular subtypes. (G) The level of PRMTs in the high- and low-risk groups.
Correlation analysis of prognostic risk model with mutation and clinicopathological features
Subsequently, the tumor mutation burden (TMB) distribution analysis was performed and no significant difference was found between two risk groups (Figure 4A). However, the combination of TMB and prognostic risk grouping system could significantly distinguish the clinical outcome (Figure 4B). Moreover, different mutation rates of genes were observed between the high-risk and low-risk categories, with the mutation rate of TP53 up to 53% in the high-risk category and 20% in the low-risk category. SPEG, FCGBP, EPHA4, SETD2 and other genes showed a higher mutation rate in the high-risk category than that in the low-risk category (Figure 4C). Further, the clinical value of the prognostic risk model was evaluated in TCGA-LIHC cohort and result showed that higher risk scores was positively associated with advanced clinical T stage, TNM stage and grade, but not M stage (Figure 4D). Moreover, high PRMT expression was also closely corelated with advanced TNM stage in HCC (Figure 4E).
[image: Figure 4]FIGURE 4 | Correlation analysis of prognostic risk model with mutation and clinicopathological features. (A) TMB status in high- and low-risk categories. (B) The prognostic risk model combined with TMB to predict the prognosis of HCC. (C) Gene mutation rates in high- and low-risk categories. (D, E) Comparison of risk score and PRMT expression level among patients with different clinicopathological features.
Effect of prognostic risk model on immune infiltration and drug response
Then GSEA was performed to investigate biological pathways which closely related to highly risk in HCC patients. We found that majority pathways related to tumorigenesis were highly enriched in high-risk samples, including PI3K_AKT_MTOR SIGNALING, MTORC1_SIGNALING, E2F_TARGETS and G2M_CHECKPOINT (Figure 5A). Further correlation analysis showed a remarkable correlation between the risk score and cell cycle, as well as DNA damage repair (DDR), nucleotide excision repair and base excision repair (Figure 5B). HCC subgroup with high-risk score exhibiting lower stromal score and ESTIMATE score (Figure 5C). Meanwhile, ssGSEA revealed that the content of activated CD4+ T-cell in the high-risk category significantly increased, while the enrichment of activated CD8+ T-cell, effector memory CD8+ T-cell, gamma delta T-cell, eosinophil, CD56 bright natural killer cell, mast cell and type I T helper cell greatly decreased (Figure 5D). No significant difference was observed in adaptive and innate immune between high- and low-risk categories (Figure 5E). Additionally, higher levels of B cell, mast cell, neutrophils, NK cell, and type I/II IFN response were detected in the low-risk category, whereas macrophages and MHC class I at higher levels in the high-risk category (Figure 5F).
[image: Figure 5]FIGURE 5 | Effect of prognostic risk model on immune infiltration. (A) Enrichment heatmap of biological pathways in high- and low-risk categories. (B) Correlation analysis between risk score and biological process. (C) Stromal score, immune score, and ESTIMATE score in high-risk and low-risk categories. (D) The enrichment scores of 28 immune cells in high- and low-risk groups. (E) The adaptive and innate immune status in two risk groups. (F) The enrichment scores of 29 immune signature in high- and low-risk categories.
Subsequently, TIDE was used to predict risk score-based clinical immunotherapy responses. Significantly higher score of TIDE and T-cell exclusion, while lower score of T-cell dysfunction were found in high-risk categories, indicating that the high-risk category presented less sensitivity to immunotherapy (Figure 6A). Likewise, the 11 genes in prognostic risk model were associated with T-cell dysfunction, ICB response and immune-suppressive cell types (Figure 6B). Meanwhile, 72 chemotherapeutic or targeted drugs that showed differential sensitivity between high- and low-risk categories were determined using pRRophetic, of which 64 were highly sensitive in high-risk categories and 8 were highly sensitive in low-risk categories (Figure 6C).
[image: Figure 6]FIGURE 6 | Effect of the prognostic risk model on immune response and drug sensitivity. (A) Comparison of TIDE score, T-cell dysfunction and T-cell exclusion scores in high- and low-risk group. (B) The correlation between 11 PRMT-related risk genes and T-cell dysfunction, ICB response and phenotypes in genetic screens and immune suppressive cell types. (C) Sensitivity of 72 chemotherapeutic drugs in high-risk and low-risk categories.
Evaluation the prognostic risk model on clinical immunotherapeutic response
Four independent clinical cohorts containing gene expression profiles and immunotherapeutic sensitivity profiles were used to estimate our prognostic risk model in drug response. As Kaplan–Meier curves in Figures 7A, D, G, J, patients with high-risk score have inferior survival outcome than those patients with low-risk score. In addition, we further evaluated the predictive accuracy of this risk model. Results displayed that the AUC was 0.64 for 1.5-year OS (95% CI 0.57–0.71) in IMvigor210 cohort (Figure 7B), 0.79 for 0.5-year OS (95%CI 0.61–0.96) in GSE135222 cohort (Figure 7E), 0.91 for 1-year OS (95%CI 0.79–1.03) in GSE78220 cohort (Figure 7H), and 0.88 for 2.5-year OS (95%CI 0.77–0.99) in GSE91061 cohort (Figure 7K), supporting a good predictive performance of this risk model. Intriguingly, the proportion of HCC patients with complete response (CR) and partial response (PR) to immunotherapy in the low-risk category was remarkable elevated than those in the high-risk category as determined in IMvigor210 cohort (Figure 7C). Notably, the high-risk group developed into stable diseases (SD) and progressive diseases (PD) after receiving immunotherapy in GSE135222 cohort (Figure 7F). In GSE78220 cohort, the high-risk category of the cohort only produced PD for immunotherapy, while the probability of low-risk category samples producing CR and PR for immunotherapy was 18% and 45%, respectively (Figure 7I). Similarly, the response rate of the low-risk category to immunotherapy was greatly improved compared with the high-risk category in GSE91061 cohort (Figure 7L). These findings suggests that risk score could significantly distinguish the survival rate at different time points in each immunotherapy cohort.
[image: Figure 7]FIGURE 7 | Evaluation prognostic risk model on survival prediction and immunotherapy response. Clinical outcomes and immunotherapy response between high- and low risk groups were determined by Kaplan-Meier analysis, ROC curve and immunotherapy response distribution analysis in IMvigor210 cohort (A–C), GSE135222 cohort (D–F), GSE78220 cohort (G–I) and GSE91061 cohort (J–L), respectively.
Establishing decision tree and nomogram integrated with prognostic risk score and clinicopathological characteristics
To further optimize risk stratification system, individuals with full-scale annotations including risk score, gender, age, TNM stage, and clinical grade were enrolled to establish a survival decision tree and three branches were finally generated (Figure 8A). The samples in B1 and B2 branches mainly distributed in low-risk group, while the samples in B3 branch were in high-risk category (Figure 8B). Meanwhile, the clinical outcome of HCC patients classified into branch1 (B1) was better than that in branch3 (B3) (Figures 8C, D). Moreover, risk score and M stage were identified as independent prognostic factor (HR = 5.9, 95% CI = 3.5–10, p < 0.001) through Univariate and multivariate analysis (Figures 8E, F). Then, risk score and TNM stage were integrated into nomogram to quantify risk prediction efficiency, and risk score was the main determinant for predicting OS (Figure 8G). The calibration curve demonstrated an accurate goodness of fit between the predicted OS in nomogram and the observed OS (Figure 8H). Meanwhile, the DCA (Decision curve) showed that nomogram and risk score exhibited better prediction ability for OS compared with other factors (Figure 8I).
[image: Figure 8]FIGURE 8 | Construction of decision tree and nomogram combined with risk score and clinical pathologic features. (A) Decision tree was constructed based on risk score and TNM stage. (B) The distribution of different risk categories in each branch. (C) Clinical outcomes of patients in two risk groups were estimated in each branch. (D) Differences of overall survival rate in three branches were evaluated by Kaplan-Meier analysis. (E, F) Univariate and Multivariate Cox regression analysis was conducted to determine the independent risk factor of HCC. (G) Nomogram integrated with risk score and TNM stage. (H) Calibration diagram for nomogram predicted OS and observed OS in 1, 3, 5-year. (I) The reliability of the risk model was evaluated by DCA curves of nomogram.
DISCUSSION
Nowadays, integrated analysis of epigenetic regulators in HCC has propelled us to recapitulate the vital events in hepatocarcinogenesis. Construction of a genome-scale prognostic risk model for HCC stratification is critical for clinical treatment decision. PRMTs that regulate epigenetic modification, have emerged as key factors in cancer progression, with potential value to be biomarkers for tumor classification, prognosis and drug targeting (Kunadis et al., 2021). Therefore, we conducted the current work to obtain a detailed classification of HCC based on PRMT-related molecules and establish tools for HCC prognosis and therapeutic efficacy evaluation. To the best of our knowledge, this is the first study to use PRMT family-related genes in cancer classification.
To identify the role of PRMTs underlying hepatocarcinogenesis, we stratified HCC patients into three subtypes after analyzing the expression status of PRMTs and screening the PRMT-related genes with potential prognostic value in TCGA-LIHC cohort. The clinical outcomes among these patients were significantly different. Further, we identified 11 PRMT-related prognostic signatures including ECT2, KIF20A, CENPA, TOP2A, CCNB2, PKM, AURKB, CDC20, G6PD, SLC22A1, and ADH4 and constructed a prognostic risk model with high predictive performance. These observations imply a key regulatory role of PRMTs in HCC. Interestingly, several reports have reported that PRMTs can modulate HCC tumorigenesis. For instance, PRMT2 methylates histone H3R8 to accelerate tumorigenesis of HCC (Hu et al., 2020). PRMT3 promotes HCC growth by enhancing arginine methylation of LDHA (Lei et al., 2022). And PRMT4 participates in regulating glucose metabolism in HCC (Zhong et al., 2018). These studies provide strong evidence for PRMTs as promising prognostic biomarker and therapeutic target of HCC.
As a typical inflammation-driven cancer, immune escape is a characteristic that should be highlighted in the occurrence and deterioration of HCC (Fu et al., 2019). In clinical, only a proportion of patients could benefit from immunotherapy, due to high immunotype heterogeneity of HCC (Dodson et al., 2020). Therefore, identifying reliable predictors of immunotherapy response will greatly benefit HCC clinical treatment. Here, we evaluated the immunophenotype and found that the infiltrated immune cells were distinctly different among three HCC subtypes. C3 group, with the worst prognosis among three subtypes, had high degree of adaptive immunity. Thus, we speculated that immune escape might occurred in C3 subgroup. Meanwhile, both the drug sensitivity and immunotherapeutic response were obviously different in two risk categories. Our findings suggested that stratification of HCC might help to understand the immunological characteristics in different subtypes and assistant clinical decision.
Despite great advances for immunotherapy in cancers, the majority of patients relapse or fail to response to immunotherapy due to insufficient immune response against tumors or suppressive tumor microenvironment (TME) (Falcomatà et al., 2023). PRMTs have been elucidated as key factor in tumor immunosurveillance of TME (Dai et al., 2022; Fedoriw et al., 2022). Here, the molecular tool constructed in our study had excellent predictive ability in immunotherapy efficacy and drug sensitivity of HCC. Furthermore, the PRMT-related key genes included in our risk model have been demonstrated involved in tumor immune response regulation. For instance, G6PD was clarified participating in cytotoxic T lymphocytes (CTLs) activation and immune escape in epithelioid mesothelioma (Lu et al., 2022). KIF20A was closely associated with immune infiltration in clear cell renal cell carcinoma (ccRCC) (Ren et al., 2020). CCNB2 and AURKB were negatively correlated with B cells, macrophages, myeloid dendritic cells and CD4+T-cell infiltration in lung adenocarcinoma (Xu et al., 2022). CDC20 was confirmed to be involved in the infiltration of cancer-related fibroblasts and myelogenous suppressor cells (Wu et al., 2021). CENPA, TOP2A, and PKM2 were evidenced to regulate immune cell activation in TME (Xu et al., 2021b; Chen et al., 2021; Wang et al., 2022). Notably, ECT2 and ADH4 have been deciphered in promoting M2 macrophages polarization and regulating B cell infiltration in HCC (Xu et al., 2021a; Zhang et al., 2023). Our findings are in line with these studies and supports for detailed mechanistic studies on PRMT-related targets and their associated immune regulation in HCC.
Our study has several limitations. First, the current work was mainly performed by bioinformatic analysis, the predictive results of our risk model might be insufficient. Second, we only confirmed the expression status of PRMTs in HCC TMA cohort and cell lines, further validations with large clinical cohort and rigorous experiments are needed in the following work.
In conclusion, HCC could be divided into three subtypes based on PRMT-related genes. The prognostic risk model constructed in this context provide effective guidance for evaluating HCC patient’s prognosis, drug sensitivity, and immunotherapeutic response. The findings of our systems-level analysis may be desirable for understanding the molecular mechanism underlying HCC, and open new avenues for development of effective treatment strategies.
MATERIALS AND METHODS
Expression datasets
The expression profile, clinical information, and single nucleotide variation (SNV) data were downloaded from the TCGA-LIHC project as the training set for this study. GSE14520 and GSE76427 datasets obtained from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) and HCCDB dataset retrieved from The Integrative Molecular Database of Hepatocellular Carcinoma (HCCDB) database (http://lifeome.net/database/hccdb/home.html) were used as validation sets.
Screening of PRMT family related genes to conduct consensus clustering
PRMT-related genes were identified using Pearson correlation analysis in TCGA-LIHC dataset and HCCDB18 dataset. The genes that meet the condition of R > 0.7 and p < 0.05 were thought to be PRMT related genes. Overlapping PRMT related genes between TCGA-LIHC dataset and HCCDB18 dataset was taken into consensus clustering analysis to classify the molecular subtypes of HCC. “ConsensusclusterPlus” package was used for consensus clustering analysis and the output results included consensus matrix, cumulative distribution function (CDF) and CDF Delta area curves. The rationality of classification was confirmed by principal component analysis (PCA).
Differential expression analysis between molecular subtypes and construction of prognostic grouping system
The differentially expressed genes (DEGs) between molecular subtypes were analyzed by “LIMMA” package, and the DEGs were overlapped by Venn diagram. The shared DEGs was input to the “survival” package for univariate cox regression analysis. The overfitting genes were excluded by least absolute shrinkage and selection operator (LASSO) penalty regression analysis. Then, multivariate cox regression model was used to reduce data size. Based on the regression coefficient obtained by LASSO regression analysis, a suitable prognostic grouping system: Risk score = Σ [coef (I) * Exp (I)] was formed.
Mutation analysis
“maftools” package was used to analyze the mutation data retrieved from TCGA. The mutation status in samples was determined and the genes with the lowest mutation frequency >3 were selected. Fisher’s exact test was used to identify the high frequency mutation genes in different subgroups, with p < 0.05 as the cutoff value, and the results was visualized as a waterfall map.
Pathway enrichment analysis
According to gene set enrichment analysis (GSEA) database (Subramanian et al., 2005), single sample GSEA (ssGSEA) was adopted to determine the enrichment score of the pathway in the file.
Analysis of immune cell infiltration and immune response
Immune cell infiltration was evaluated by ssGSEA, CIBERSORT (Newman et al., 2015) and ESTIMATE (Yoshihara et al., 2013). The immune abundance of each sample was quantified using ssGSEA and the relative proportions of each immune cell type were shown as enrichment scores. Based on the gene expression in TCGA-LIHC cohort, ESTIMATE deduced the proportion of stromal cells and immune cells in the form of stromal score and immune score. Immune response status was evaluated using Tumor Immune Dysfunction and Exclusion (TIDE) (Jiang et al., 2018).
The prognostic grouping system was verified in immunotherapy cohorts
Four datasets including IMvigor210, GSE91061, GSE78220, and GSE135222 were enrolled for immunotherapy analysis. Prognostic grouping system was applied to calculate risk sore and evaluate HCC patients’ overall survival (OS) rate. receiver operating characteristic (ROC) analysis was employed to examine the area under the curve (AUC) of prognostic risk model.
Construction of decision tree and nomogram
Classification tree algorithm was employed to construct a decision tree with root nodes, internal leaf nodes and branches based on all the clinical information provided by TCGA and prognostic grouping system. Univariate and multivariate Cox regression analysis were utilized to determine the independent prognostic variables for HCC. Risk score and AJCC TNM stage were fitted to establish a nomogram based on the R package of “rms”, and decision curve analysis (DCA) was carried out by “DCA” package.
Tissue microarray (TMA) cohort
The TMA cohort including 80 paired HCC tissues and adjacent non-tumor tissues was established in our laboratory. This research was approved by the ethics committee of the First Affiliated Hospital of Zhengzhou University.
Cell lines and cell culture
Three HCC cell lines including HepG2, Hep3B and Huh7 as well as the normal-type hepatocyte L02 cell line were purchased from the Shanghai Cell Bank of the Chinese Academy of Sciences (Shanghai, China). Cells were cultured in an atmosphere of 5% CO2 at 37°C, and maintained in DMEM or RPMI 1640 medium (Gibco) supplemented with 10% fetal bovine serum (Gibco).
Immunohistochemistry (IHC)
The expression status of PRMTs in tumor and adjacent normal tissues was determined by IHC staining on HCC tissue microarray (TMA) as previously described. Two pathologists counted cells containing brown granules independently. The total score (range from 0 to 15) was calculated by multiplying two scores for the staining intensity (3, strong; 2, moderate; 1, mild; and 0, none) and percentage of positive cells (5, >80%; 4, 80%–61%; 3, 60%–41%; 2, 40%–21%; 1, <20%). Antibodies used in this study are listed in Supplementary Table S1.
Western blotting
Cells were lysed and total proteins were extracted with RIPA buffer (Solarbio, China). Protein concentration was detected using the BCA protein Quantification Kit (Beyotime, China), and 20 µg protein samples were subjected to SDS–PAGE. Subsequently, proteins were transferred to a PVDF membrane, blocked with 5% non-fat milk, and incubated with primary antibodies at 4°C overnight. After incubating with corresponding secondary antibodies for 1 h at temperature, the membranes were visualized by LumiGLO enhanced chemiluminescent (ECL) or the Odyssey Infrared Imaging System (LI-COR Bioscience, Lincoln, NE). Detailed information on antibodies is provided in Supplementary Table S1.
Statistical analysis
All statistical analysis in this study was completed by R program. The variables difference between two groups was quantified by Wilcoxon rank-sum test and Student’s t-test. Kaplan-Meier analysis was performed using “survminer” package, and the ROC analysis was conducted by the “timeROC” package. Univariate and multivariate cox regression were conducted in the “survival” package. p < 0.05 was designated as the statistically significant threshold.
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A novel prognostic scoring model based on copper homeostasis and cuproptosis which indicates changes in tumor microenvironment and affects treatment response
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Background: Intracellular copper homeostasis requires a complex system. It has shown considerable prospects for intervening in the tumor microenvironment (TME) by regulating copper homeostasis and provoking cuproptosis. Their relationship with hepatocellular carcinoma (HCC) remains elusive.
Methods: In TCGA and ICGC datasets, LASSO and multivariate Cox regression were applied to obtain the signature on the basis of genes associated with copper homeostasis and cuproptosis. Bioinformatic tools were utilized to reveal if the signature was correlated with HCC characteristics. Single-cell RNA sequencing data analysis identified differences in tumor and T cells’ pathway activity and intercellular communication of immune-related cells. Real-time qPCR analysis was conducted to measure the genes’ expression in HCC and adjacent normal tissue from 21 patients. CCK8 assay, scratch assay, transwell, and colony formation were conducted to reveal the effect of genes on in vitro cell proliferation, invasion, migration, and colony formation.
Results: We constructed a five-gene scoring system in relation to copper homeostasis and cuproptosis. The high-risk score indicated poor clinical prognosis, enhanced tumor malignancy, and immune-suppressive tumor microenvironment. The T cell activity was markedly reduced in high-risk single-cell samples. The high-risk HCC patients had a better expectation of ICB response and reactivity to anti-PD-1 therapy. A total of 156 drugs were identified as potential signature-related drugs for HCC treatment, and most were sensitive to high-risk patients. Novel ligand-receptor pairs such as FASLG, CCL, CD40, IL2, and IFN-Ⅱ signaling pathways were revealed as cellular communication bridges, which may cause differences in TME and immune function. All crucial genes were differentially expressed between HCC and paired adjacent normal tissue. Model-constructed genes affected the phosphorylation of mTOR and AKT in both Huh7 and Hep3B cells. Knockdown of ZCRB1 impaired the proliferation, invasion, migration, and colony formation in HCC cell lines.
Conclusion: We obtained a prognostic scoring system to forecast the TME changes and assist in choosing therapy strategies for HCC patients. In this study, we combined copper homeostasis and cuproptosis to show the overall potential risk of copper-related biological processes in HCC for the first time.
Keywords: copper homeostasis, cuproptosis, hepatocellular carcinoma, prognostic model, tumor microenvironment, immunocytes, intercellular communication
1 INTRODUCTION
As an indispensable human body element, copper participates in various physiological and metabolic functions, including coagulation, oxidative metabolism, and hormone production (Bhattacharjee et al., 2017). There are inherent complex mechanisms in cells to maintain copper homeostasis. Copper homeostasis disorders involve a wide range of diseases, including degenerative neurological diseases (Bisaglia and Bubacco, 2020), metabolic diseases (Lowe et al., 2017), cardio-cerebrovascular diseases (Fukai et al., 2018), and tumors (Oliveri, 2022). The elevated copper level has been found in various solid tumors, promoting proliferation, invasion, migration, and angiogenesis (Oliveri, 2022). Excess copper caused by copper homeostasis disorder such as transporter mutation leads to programmed cell death, which was recently identified as cuproptosis (Tsvetkov et al., 2022). Cuproptosis is induced via copper-dependent protein fatty acylation, accompanied by tricarboxylic acid cycle changes, and influenced by mitochondrial function (Tsvetkov et al., 2022). Copper homeostasis is not only related to the drug resistance of traditional chemotherapeutic drugs but also can affect specific immune checkpoints and change the anti-tumor immune response (da Silva et al., 2022; Voli et al., 2020). Given the vital role of copper in cancer, copper ion carriers and copper complexes have been developed as anticancer drugs (Chen et al., 2006; Cen et al., 2004; O'Day et al., 2009; O'Day et al., 2013; Tsang et al., 2020). Still, the metabolic heterogeneity of different cancers is the main obstacle to their application. To achieve a more stable and reliable anticancer effect by affecting the copper homeostasis of tumor cells, the corresponding receptors of specific types of tumor cells should be targeted (da Silva et al., 2022). As key players in this novel cell death form, the genes related to copper homeostasis and cuproptosis possibly be promising cancer therapy targets. The specific mechanism of cuproptosis was covered; nevertheless, for further targeted drug development and clinical application, understanding different targets of copper homeostasis and cuproptosis in various tumors is still far from sufficient.
Although there are a variety of measures for diagnosis and treatment, mortality and prognosis are still poor for HCC because of a wide range of predisposing factors and unobvious early clinical manifestations (Hartke et al., 2017). Compared with mature traditional therapy, non-invasive diagnosis and targeted therapy are still challenging. Recently, patients’ prognosis and life quality have been improved by systemic therapies (Llovet et al., 2021). The disorder of copper homeostasis can cause cuproptosis, which has great potential in developing new therapies for HCC. Copper content is closely linked to liver cirrhosis and HCC (Zhang et al., 1994). Ionizing radiation can increase the radiation resistance caused by intracellular copper and inhibit ferroptosis and the degradation of HIF1α (Yang et al., 2022). Copper-binding enzyme LOXL4 causes the immunosuppressive phenotype of macrophages and promotes the progression of HCC (Tan et al., 2021). Given the critical role of copper in HCC, new copper complexes for specific targets have been developed. A new copper complex can induce cell senescence by inhibiting methionine cycle metabolism, which depends on mitochondrial carrier protein (Jin et al., 2020). Another targeted nanoparticle containing copper complex effectively reduces the growth of mice’s HCC (Xu et al., 2020). The evidence above suggests that genes related to copper homeostasis and cuproptosis have remarkable research prospects in expanding systemic therapy and improving patient prognosis in clinical application.
This study developed a novel prognostic scoring system that incorporates genes related to copper homeostasis and cuproptosis to predict the clinical outcome of HCC patients. To demonstrate the predictive value of the signature, we explored the underlying mechanisms based on bulk and single-cell RNA sequencing data. Novel receptor-ligand pairs were proposed to help understand tumor-immune cell interactions and explain the differences in TME related to the signature. Finally, potential targeted and chemotherapeutic drugs were predicted for different scoring samples. Our predictive model showed great potential in identifying the risk of copper-related physiological processes and assisting in the therapy of HCC patients.
2 MATERIALS AND METHODS
2.1 Acquisition of multiomics data
The following bulk RNA-sequencing expression profiles and corresponding clinical data were downloaded from the TCGA database (https://portal.gdc.com n = 377). Raw sequencing reads were aligned using the STAR aligner and expressed as fragments per million mapped reads (FPKM). Gene expression profiles were standardized using R (https://www.r-project.org/). Only patients with complete clinical information related to the analysis were retained. Training and testing groups were randomly assigned in a ratio of 1:1 among the patients. To establish an independent validation cohort, Clinical pathology and RNA-Seq mRNA expression data were obtained for 232 samples from the ICGC portal (https://dcc.icgc.org/projects/LIRI-JP). The UCSC Xena server was used to retrieve somatic mutations and methylation data for HCC (https://xenabrowser.net/). The GEO database was used to download data for single-cell RNA sequencing of primary HCC tissues (GSE149614, n = 10). “Seurat” and “NormalizeData” R packages were used for the standardization of the single-cell RNA-Seq data. “FingVariableGenes” R package was used for the identification of the top 3,000 highly variable genes. The determination of cell types was as shown in Supplementary Figure S1A (Malignant cell markers-GPC3, CD24, MDK, KRT18; Meyloid cell markers-CD68, AIF1, C1QA, TPSAB1; T cell markers-CD3D, CD3E, CD2; B cell markers-MZB1, MS4A1, CD79A; Fibroblast cell markers-COL1A2, COL3A1, ACTA2; Endothelial cell markers-FLT1, RAMP2, PLVAP).
2.2 Identification of genes related to copper homeostasis and cuproptosis
25 genes (SLC31A1, SLC31A2, ATOX1, PDHB, COX11, COX17, PDHA1, NLRP3, NFE2L2, CCS, MTF1, LIPT2, LIPT1, LIAS, GLS, GCSH, FDX1, DLST, DLD, DLAT, DBT, CDKN2A, ATP7B, ATP7A, SCO1) directly involved in copper death and copper homeostasis processes were obtained from previous studies (Bian et al., 2022; da Silva et al., 2022; Inesi, 2017; Tsvetkov et al., 2022). An analysis of the differential expression of these genes was conducted in HCC. To screen related genes, Pearson correlation analysis was conducted (correlation coefficient>0.4, p < 0.001). Qualified genes were associated with cuproptosis or copper homeostasis.
2.3 Development of the signature related to copper homeostasis and cuproptosis
With R package “glmnet,” genes associated with copper homeostasis and cuproptosis were screened using univariate cox regression. Then the least absolute shrinkage and selection operator (LASSO) Cox regression and multivariate Cox regression models were used to creating the copper metabolism and cuproptosis gene signature in the training cohort. Gene expression values and coefficients of crucial genes were multiplied to determine the score of each sample. The median value of the score determined high-risk and low-risk groups. ROC curves analysis and Kaplan-Meier survival analysis were conducted to evaluate the signature. Independent prognostic analysis was conducted to determine if the risk score affected survival in patients with HCC. A stratified clinical examination was performed according to the patient’s clinical pathological characteristics (age, gender, grading, staging). The “ggDCA” R package was used to analyze different diagnostic models.
2.4 Nomogram development and validation
Multivariate Cox regression results were used to develop the Nomogram model. The final model was chosen using the Akaike information criterion (AIC) as a backward selection criterion (Harrell et al., 1996). Nomogram validation was conducted using a calibration curve generated via regression analysis. The nomogram was developed following the nomogram guide (Iasonos et al., 2008).
2.5 Functional enrichment and genetic alterations analysis
KEGG and GO analyses were performed using the R package “clusterProfiler” (Yu et al., 2012). The genetic variation between groups of Risk Scores was analyzed using R package “Maftools.” The ssGSEA score was calculated with R package “GSVA,” which was also used for functional enrichment analysis in malignant cells and T cells of single-cell RNA-Seq data. MATH score was used to evaluate tumor heterogeneity (Mroz and Rocco, 2013).
2.6 Drug sensitivity prediction
Drug sensitivity in cancer was predicted using the Genomics of Drug Sensitivity in Cancer database (GDSC: https://www.cancerxgene.org). “pRRophetic” R package was used to calculate half maximal inhibitory concentration (IC50) (Geeleher et al., 2014).
2.7 Immune profile analysis and cell communication
“Immunedeconv” R package was applied to evaluate the immune score (Sturm et al., 2020). VEGFB, TNFSF4, TNFRSF4, TNFRSF18, TIGIT, TGFB1, SELP, PDCD1, LAG3, IL1A, IL12A, IDO1, HMGB1, HAVCR2, EDNRB, CTLA4, CD276, CD274, CTLA4, BTLA, and ARG1 were chosen as immune checkpoints. The TIDE procedure was combined with subclass mapping and immunophenoscore (IPS) to calculate potential ICB responses (Kim et al., 2008). The IPS of HCC patients included in the analysis came from the TCIA database (https://www.tcia.at/home).
‘‘Celltalker’’ R package was applied to analyze crosstalk between malignant cells and immunocytes based on the single-cell RNA-Seq data.
2.8 Human tissues
Surgically resected HCC and normal adjacent tissue samples were obtained from twenty-one HCC patients at the Qilu Hospital of Shandong University (Jinan, China) and stored in liquid nitrogen. All HCC samples were confirmed through clinicopathological features. The hospital’s ethical committee approved the study, and each patient signed a written informed consent form.
2.9 qRT-PCR, Western blot, and immunohistochemistry
The cells were washed with PBS and lysed in RIPA buffer (Beyotime, CN) containing phosphatase inhibitors and protease inhibitors (Beyotime, CN) at the indicated time points. The BCA Protein Assay kit (Beyotime, CN) was used to determine protein lysate concentration. After centrifuging at 12,000×g for 15 min, the supernatant was mixed with the 5×SDS-PAGE loading buffer (Beyotime, CN), and boiled at 95°C for 5 min. A standard Western blot procedure was then followed. 0.2 um PVDF membrane was obtained from Thermo Fisher Scientific (Thermo Fisher Scientific, United States). Enhanced chemiluminescence was obtained from Thermo Fisher Scientific (Thermo Fisher Scientific, United States). Antibodies against AKT, p-AKT, mTOR, p-mTOR and GAPDH were obtained from Cell Signaling Technology (Cell Signaling Technology, CN).
Trizol reagent (Thermo Fisher Scientific, United States) was used to prepare total RNA from tissues or cells. PrimeScript™ RT Master Mix (Takara Bio, JP) was used for reverse transcription. qRT-PCR analysis was performed with the CFX Connect system (Bio-Rad, United States) and CharmQ SYBR qPCR Master Mix (Takara, Japan). Supplementary Table S3 lists the primers used in this study.
In accordance with standard protocols, immunohistochemistry was performed on HCC and adjacent normal tissue. Antibody against ZCRB1 was obtained from Thermo Fisher Scientific (Thermo Fisher Scientific, United States).
2.10 Cell lines and cell culture
Hep3B and Huh-7 cells were obtained from the Shanghai Cell Collection. DMEM with 10% FBS and 1% Penicillin-Streptomycin was used to culture the cells at 37°C with 5% CO2.
2.11 Cell transfection and Cell Counting Kit-8 assay
siCDKN2A, siDLAT, siGEMIN2, siZCRB1, and siKLF9 were obtained from Ribobio (CN). As directed by the manufacturer, JetPRIME® transfection kit (BIOFIL, CN) was used for transfection. After 24 h, total RNA was extracted for qRT-PCR.
Huh7 or Hep3B cells were inoculated into 96-well plates 24 h after transfection at a density of 1,000 cells per well. Each group was replicated five times. Cell Counting Kit-8 (Dojindo, JP) was used for the measurement of cell proliferation. As the culture progressed, absorbance values were measured after 0, 24, 48, and 72 h.
2.12 Migration, invasion, and colony formation assay
The scratch assay was applied to evaluate cell migration and repair. After reaching 90%–100% confluency in wells of culture plates, cells were exposed to serum-free medium for 6 h, and each cultured well was scraped with a pipette tip in the same specification. Cells were washed with PBS to remove fragments. Microscope images of the same positions were acquired in after 0 and 30 h. Based on the percentage of wound closure area, cell migration was determined.
Transwell migration and invasion assays were conducted to evaluate the ability of cell migration and invasion. 24-well transwell chambers (Corning, United States) were used in the assay. For the invasion assay, matrigel (Corning, United States) was applied to the upper ventricle surface of the basement membrane of the transwell chamber. The insert was filled with 30,000 cells suspended in 150 ul serum-free serum before the assay. In the lower chamber, 700 ul medium containing 12% fetal serum was added for chemotactic stimulation. Cells were cultured for 24 h for migration assays and 40 h for invasion assays. Then cotton swabs were used to remove cells from the surface of the membrane. Cultured cells were fixed with 100% methanol and stained with 0.1% crystal violet. Random visual fields of 3 different inserts were captured, and the number of cells was counted.
After inoculating 3000 cells per well, Huh7 and Hep3B cells were grown for 8 and 10 days respectively in 6 well plates in complete medium. Cultured cells were fixed with 100% methanol and stained with 0.1% crystal violet. Each well was counted for the number of colonies.
2.13 Statistical analysis
R packages and analysis methods were executed with R (version 4.0.3). Quantitative variables were evaluated using independent samples t-tests. The unpaired Wilcoxon rank sum test was applied for the gene difference significance. For categorical data, Chi-square tests were applied. The ROC curve and Kaplan-Meier model judged efficacy in predicting survival outcomes. The relationships between prognostic classification, survival outcomes, and other clinical parameters were revealed with the Cox proportional model. A p-value less than 0.05 indicates statistical significance. * means a p-value less than 0.05; ** means a p-value less than 0.01; *** means a p-value less than 0.001; **** means a p-value less than 0.0001. For multiple corrections, the Benjamini–Hochberg method was applied.
3 RESULTS
3.1 Identification of genes related to copper homeostasis and cuproptosis and development of prognostic signature
We sorted out 25 genes from previous studies that have been proven to participate in cuproptosis and the maintenance of copper homeostasis directly. Most genes (22/25) were differently expressed in HCC and normal tissues (Figure 1A). Given the crucial role of copper in cancer, the signature related to cuproptosis and copper homeostasis could assist in evaluating tumor microenvironment changes and other pathological processes in HCC induced by copper. A correlation analysis was carried out according to the coefficient, and 95 genes were screened.
[image: Figure 1]FIGURE 1 | Identifying genes related to copper homeostasis and cuproptosis and development of the signature. (A) Expression of 25 genes in HCC and normal tissues. Unpaired Wilcoxon Rank Sum and Signed Rank Test was applied for difference significance analysis. (B) Ten-fold cross-validation of the LASSO Cox regression model’s tuning parameter (λ) selection. Based on the minimum criteria and the 1-SE criteria, vertical lines were drawn at the optimal values. (C) LASSO coefficient profiles of the prognostic genes. (D) The correlation between the five genes in the signature and the genes directly participating in copper homeostasis and cuproptosis. (E) The expression of the five hub genes in the TCGA cohort. (F) Differential expression of the hub genes between HCC and normal tissues. (G) Kaplan−Meier plots of CDKN2A, KLF9, DLAT, GEMIN2, and ZCRB1.
Including the original set of genes and their related genes, one hundred twenty candidate genes were confirmed as genes related to copper homeostasis and cuproptosis [Supplementary Table S1 (S1)], which were input into a univariate COX analysis. A LASSO regression was conducted on the genes with prognostic significance. Five hub genes were obtained (CDKN2A, DLAT, KLF9, GEMIN2, ZCRB1) (Figures 1B, C). There is a strong correlation between hub genes and genes directly participating in copper homeostasis and cuproptosis (Figure 1D). The signature was developed with a multivariate Cox proportional model. Risk Score = −0.2629*KLF9+0.6633*ZCRB1 +0.3994*DLAT+ 0.2121* CDKN2A+0.7650*GEMIN2. Gene expression in the cohort was visualized using a heat map (Figure 1E). HCC and normal tissues expressed all five genes differently (Figure 1F). Kaplan-Meier survival analysis was used to verify their relationship with HCC prognosis (Figure 1G). Five hub genes were significantly different in expression between HCC and normal tissues, and their expression was correlated with prognosis.
3.2 Clinical prognostic validation of the signature
The overall survival (OS) of high-risk patients was briefer in all cohorts (Figure 2A). In the TCGA cohort, 1-year, 3-year, and 5-year AUC values were 0.746, 0.703, and 0.718. Compared with clinical features, the risk score has higher prediction accuracy (Figure 2B). In addition, the Progression Free Survival (PFS) of high-risk patients in the TCGA cohort was also shorter (Figure 2C). Clinical characteristics and risk scores of HCC patients were analyzed by univariate and multivariate Cox regression, demonstrating that prognosis was independently predicted by the risk score (Figure 2D). The correlation between the risk score and pathological characteristics was examined. T stage, TNM stage, and histological grade were significantly correlated with risk score (Table 1). In stratified clinical analysis, there were significant differences in OS between high-risk and low-risk patients in all subgroups (Figure 2E). As an independent external validation set, the ICGC dataset was processed using the same methodology as the TCGA dataset. AUC, pathological characteristics analysis, and Kaplan-Meier analysis of the ICGC dataset once again demonstrated the prognostic value of the signature (Figures 2A, B) (Table 1). According to the above results, the signature was associated with HCC progression.
[image: Figure 2]FIGURE 2 | Clinical validation of the prognostic signature. (A) The Kaplan-Meier overall survival (OS) curves of the risk score in the training, testing, TCGA, and ICGC cohorts. (B) Receiver operating characteristic (ROC) curve based on the risk score and other clinicopathological features for predicting OS in HCC patients. (C) Kaplan-Meier Progression–free Survival (PFS) curve. (D) Univariate (left) and multivariate (right) Cox regression analyses. (E) Kaplan-Meier survival subgroup analysis stratified by clinical characteristics. Grouping criteria: age>60/≤60, gender, histological grade, TNM stage. (F) OS nomogram (G) Nomogram calibration for the OS nomogram.
TABLE 1 | The correlation between risk score and clinicopathological features of HCC patients in the TCGA and ICGC cohort.
[image: Table 1]As a means of facilitating the clinical application of prognostic signatures, a nomogram was constructed through the combination of traditional clinical information (age, tumor stage, tumor grade) and risk scores (Figure 2F). Based on the second-generation sequencing result of the patients, the overall survival can be estimated by combining pathological characteristics with the risk scores. The nomogram performed well at predicting according to the calibration curve (Figure 2G).
3.3 Distribution of model-constructing genes and risk score in UMAP
The risk score of ten single-cell sequencing samples was calculated according to the Cox proportional model above for further analysis [Supplementary Table S1 (S2)]. We divided the single-cell sequencing samples into high- and low-risk scoring groups, and there was a significant statistical difference between the two groups (Figure 3A). Given the excellent predictability of the risk score for clinical prognosis, we explored the distribution of genes participating in the risk model and the risk score distribution in the uniform manifold approximation and projection (UMAP) based on the single-cell RNA sequencing data. The cells with high-risk scores were mainly malignant (Figures 3B, C). All the genes involved in the model construction were expressed to a certain extent in malignant cells (Figure 3D). Different from other genes, increased expression of KLF9 is associated with a lower risk score and better prognosis for patients, while it’s mainly expressed in fibroblasts and endothelial cells (Figure 3D).
[image: Figure 3]FIGURE 3 | Distribution of model genes and risk score in UMAP based on single-cell sequencing data (GSE149614). (A) Comparison of risk scores of different samples. (B) UMAP of 23,590 cells from primary HCC tumors of ten HCC patients. (C) Distribution of risk score in UMAP. (D) Distribution of model construction genes in UMAP.
3.4 Functional enrichment analysis revealed risk score correlated with HCC malignant degree
To reveal the potential mechanism causing the clinical characteristic in HCC patients with different risk scores, a cut-off of a p-value of 0.05 and a |FC| > 2 was used for screening differentially expressed genes (DEGs) between high- or low-risk groups [Supplementary Table S1 (S3)]. An analysis of GO and KEGG was then conducted. Results showed cell proliferation-related biological processes enriched mostly (Figures 4A, B). Then we collected a set of genes in tumor-related pathways and calculated the enrichment scores for every patient using the ssGSEA method. The high-risk group showed significant upregulation of proliferation and cell cycle pathways, including G2M checkpoint, DNA replication, DNA repair, MYC targets, and PI3K/AKT/mTOR pathway, which was in agreement with the results of the KEGG and GO (Figure 4C). We also found the upregulation of cell response to hypoxia, which can lead to an increase in tumor invasiveness. The OCLR algorithm was subsequently applied to calculate mRNAsi (Malta et al., 2018). A higher mRNAsi score was found in the high-risk group, reflecting the loss of cell differentiation phenotype and acquisition of stem cell-like characteristics (Figure 4D). Based on single-cell sequencing data, we performed GSVA to analyze the pathway enrichment in HCC malignant cells of high- and low-risk samples (Figure 4E). A series of cancer-promoting pathways in the high-risk samples were upregulated, such as oxidative phosphorylation, MYC targets, and DNA repair. In contrast, low-risk samples showed increased activity of more cancer-inhibiting pathways, such as the P53 pathway, apoptosis process, and IL2-STAT5 signal pathway. The analysis results of bulk RNA-Seq and single-cell RNA-Seq revealed that a higher risk score predicted stronger proliferative ability and malignancy in HCC.
[image: Figure 4]FIGURE 4 | Functional enrichment analysis of high- and low-risk groups. GO analysis (A) and KEGG analysis (B) of DEGs between the high-risk and low-risk groups. (C) Heatmap of ssGSEA scores in proliferation-related pathways. (D) Correlation between mRNAsi score and risk score of the signature. (E) GSVA for malignant cells from single-cell RNA-Seq.
3.5 Genomic changes of cuproptosis and copper homeostasis related signature
An investigation of the relationship between somatic mutations and the signature was conducted in high-risk and low-risk patients. The fifteen genes with the highest mutation rate were identified (Figure 5A). In spite of the fact that there was no significant difference in tumor mutation burden between groups with high- and low-risk scores (Supplementary Figure S1C), there were differences in tumor heterogeneity (Figure 5B) and mutation rates of several high-frequency mutant genes. High-risk individuals exhibited higher mutation rates of TP53 (p = 0), LRP1B (p = 0.008), and OBSCN (p = 0.008), all of which were identified as crucial tumor suppressors.
[image: Figure 5]FIGURE 5 | Features of mutation and methylation of high- and low-risk groups in the TCGA-cohort. (A) Diagrams of the 15 most substantially changed genes in the high-risk and low-risk subgroups. (B) The MATH scores of HCC patients from high-risk and low-risk subgroups. (C) The top 10 genes with the most significant positive or negative β value difference in high- and low-risk groups.
In addition, the methylation of genes was compared between the high and low-risk groups [Supplementary Table S1 (S3)]. β value was used to measure the methylation level of genes. The top 10 genes with the most significant positive or negative β value differences were displayed respectively (Figure 5C). A higher level of methylation was found in the high-risk group for the following genes: SH3BP4, ADI1, AEN, ELK4, C9orf5, BAIAP2, HFE2, RAD54L2, and SLC23A2. Methylation levels of the following genes were more significant in the low-risk group: UCK2, DHX9, FLVCR1, LQK1, CDKN2BAS, PACS1, CASP2, SPP1, SLCA5, HIF1a. The complete data was shown in [Supplementary Table S1 (S2)]. Finally, we compared copy number variations (CNV) in two groups, but no significant difference was found in the results (Supplementary Figure S1D).
3.6 Immune landscape analysis revealed immunosuppressive tendency of high-risk score sample
The TCGA cohort’s immune-related processes’ scores were calculated using ssGSEA (Figure 6A). The results showed decreased response to IFN-1 and IFN-2, decreased CCR activity, decreased cytolytic activity, and increased expression of MHC-1 in high-risk HCC patients. Using the quantiseq algorithm, the immune score of tumor tissue was quantified to further reveal the effect of different risk scores on the immune-related TME (Figure 6B). The high-risk group showed significant increases in B cells, M2 macrophages, monocytes, and T cells, but a decrease in NK cells. The immune infiltration in the external validation cohort (ICGC) was analyzed using the same method. The high-risk group showed significant increases in B cell and M2 macrophage, but a decrease in NK cells (Figure 6C), which was roughly in line with the TCGA cohort. Also, immune checkpoint molecules were examined that inhibit immune cells and allow tumors to escape immune recognition. A significant increase in the expression of most chosen immune checkpoint molecules (17/20) was observed in high-risk individuals (Figure 6D). The ICGC cohort also revealed significant differences in immune checkpoint expression in different risk groups (12/20) (Figure 6E), which confirms the TCGA cohort’s results. Analysis of the relationship between cancer immune cycle and risk score was carried out using TIP (http://biocc.hrbmu.edu.cn/TIP) (Figure 6F) (Xu et al., 2018). Risk scores and step 1 (antigen release from cancer cells) of the immune process were positively correlated, but step 5 (immune cell infiltration into tumors) was negatively correlated.
[image: Figure 6]FIGURE 6 | The immune landscape of high- and low-risk groups. (A) Heatmap of ssGSEA scores in the activity of immune-related processes in TCGA cohort. The quantiseq method calculates the proportion of 10 types of immune cells in low- and high-risk score groups of the TCGA cohort (B) and ICGC cohort (C). The expression of immune checkpoints in the high-risk and low-risk groups of the TCGA cohort (D) and ICGC cohort (E). (F) Correlation between cancer-immunity cycle scores and risk scores in the model in the TCGA cohort. (G) The proportion of malignant cells and immune-related cells in high-risk and low-risk samples of single-cell sequencing data. Detailed data was shown in supplementary Table S1 (S4). (H) GSVA analysis of T cell function in the single-cell cohort.
In the analysis of the sc-RNA data, We compared the contents of tumor cells and different types of immune cells in different groups. It was found that samples at high risk contained a higher proportion of malignant cells and a lower proportion of immune cells and other cells. (Figure 6G). T cells in TME are essential participants in tumor-related immune processes but are usually inhibited by various signals. T cells from high-risk and low-risk groups were compared using GSVA to investigate whether risk score impacts T cell function in TME (Figure 6H). The low-risk group showed significantly higher activity in T cell activation pathways than the high-risk group, such as cytotoxicity, chemicals, T cell functions, negative regulation of T cell apoptosis, IMmotion150 teff, cytokines, IMmotion 150 myoid inflammation, leucocyte function.
3.7 Ligand–receptors pairs analysis between immunocytes and HCC cells
The analysis above revealed that the infiltration rate of immune cells was different between high- and low-risk scores. As a result, we conducted a communication analysis between malignant cells and other immune-related cells based on the single-cell sequencing data to find the pathways and corresponding targets (Figure 7A). In the high-risk samples, fibroblasts dominated signal input and output. In comparison, the signal input of the low-risk samples was dominated by endothelial cells. In the communication between tumor cells and other cells, Signal intensity and communication process were significantly different between high- and low-risk groups for the following pathways: FASLG (FASL-FAS) signal pathway (Figure 7B), CCL (CCL5-CCR5) signal pathway (Figure 7C), CD40 (CD40L-(ITFA5, IGTB1)) signal pathway (Figure 7D), IL2 (IL7R-IL7RG) signal pathway (Figure 7E), and IFN-II (IFNG-(IFNGR1-2)) signal pathway (Figure 7F). The high-risk group has different degrees of signal intensity reduction in these pathways, the activation of which could assist in the anti-tumor process. The total information flow between high-risk and low-risk groups also differed significantly across other signaling pathways (Figure 8A). To a certain extent, this explains the decrease in immune cell infiltration and the tendency of immunosuppression in the HCC TME of high-risk samples.
[image: Figure 7]FIGURE 7 | Differences of Ligand-Receptors in cell communication between high- and low-risk samples of single-cell RNA-Seq. (A) Dot graphs show how intensively each cell type communicates in high-risk and low-risk samples. (B) FASLG signaling network of high- and low-risk samples. (C) CCL signaling network of high- and low-risk samples. (D) CD40 signaling network of high- and low-risk samples. (E) IL2 signaling network of high- and low-risk samples. (F) IFN-II signaling network of high- and low-risk samples.
[image: Figure 8]FIGURE 8 | Pathways with different overall information between high- and low-risk single-cell sequencing samples. Predicting treatment response. (A) Signaling pathways with significant differences in the overall intercellular information between single-cell RNA-Seq samples at high- and low-risk. (B) The IC50s of chemotherapeutic agents and targeted drugs related to the 5-gene signature. (C) The prediction results show the distribution of immune response scores in the high- or low-risk groups of the TCGA cohort. (D) Differences in sensitivity of subgroups based on risk score to immunotherapy. Submap classing analysis manifested that the high-risk score group could be more sensitive to the programmed cell death protein 1 (PD-1) inhibitor (Bonferroni-corrected p = 0.008).
3.8 Responses prediction of chemotherapeutic and immune therapy
Non-operative treatment of HCC faces the challenge of drug resistance, and copper has been proven to alter tumor cell drug resistance. To evaluate risk characteristics’ role in clinical treatment, we compared high- and low-risk patients’ sensitivity to chemotherapeutics and target therapy. In total, 156 differential drugs and molecular compounds were screened out, with 127 drugs being more sensitive to the high-risk group and 29 drugs being more sensitive to the low-risk group [Supplementary Table S1 (S5)]. The IC50 value estimated for low-risk cancer patients is higher than that found in low-risk cancer patients for the following clinically common targeted therapy drugs: Tipifarnib, Tivozanib, Masitinib, Dasatinib, Sunitinib, and chemotherapy drugs: Gemcitabine, Vinorelbine, Rapamycin, Paclitaxel, Pyrimethamine (Figure 8B).
Based on TIDE algorithm, immune checkpoint inhibitor responses in different patient groups were predicted. The TIDE score was higher in low-risk patients than in high-risk patients, which means the efficacy of immune checkpoint blocking therapy (ICB) was worse, and the survival time was shorter after ICB treatment (Figure 8C). Based on the IPS of HCC patients, the response to immunotherapy targeted specifically at CTLA-4 and PD-1 in high-risk and low-risk HCC patients was examined using a subclass mapping approach. The high-risk patients responded well to anti-PD-1 therapy, while the low-risk patients had no reaction to either anti-PD-1 or anti-CTLA4 therapy. (Figure 8D). We found that the treatment options mentioned above were more likely to benefit high-risk patients, regardless of whether they were traditional chemotherapy or targeted therapy.
3.9 Verification of biological function and expression level of model-constructed genes
Twenty-one HCC patients were tested using qRT-PCR on paired tumors and normal adjacent tissues. CDKN2A, GEMIN2, DLAT, and ZCRB1 were expressed at higher levels in tumors than in normal tissues, while the expression of KLF9 in tumor tissue was lower (Figure 9A). For the subsequent study, we selected Hep3B and Huh7 cell lines transfected with sh-RNAs for knockdown experiments of five model-constructed genes. The plasmid transfection efficiency of all five genes for both cell lines was greater than 50% (Figure 9B). The proliferation and viability of cells were assessed by the CCK-8 assay. Knockdown of CDKN2A, GEMIN2, and ZCRB1 prominently impaired cell growth of both Huh7 and Hep3B, while the knockdown of KLF9 improved the cell growth of both cell lines (Figure 9C).
[image: Figure 9]FIGURE 9 | Model-constructed genes expression in HCC tissues and effects on HCC cell biological signature. (A) qRT-PCR analysis of model-constructed gene expression in paired tumors and adjacent normal tissues from 21 HCC patients. (B) The efficiency of transfection was determined by qRT-PCR. (C) CCK-8 was used to determine growth curves for transfected Huh7 and Hep3B cellsB cells. (D) AKT, p-AKT, mTOR, and p-mTOR expression in different groups were detected with western blot.
According to previous findings (Figure 4C), different risk groups differed significantly in proliferative capacity and activity of the PI3K/AKT/mTOR signal pathway, which is widely implicated in mitochondrial metabolism and tumor drug resistance. There is evidence that phosphorylation of AKT and mTOR affects copper-induced disease progression in a variety of diseases, including cancer. The results showed that the knockdown of CDKN2A, GEMIN2, DLAT, and ZCRB1 prominently impaired the phosphorylation of both AKT and mTOR in Huh7 and Hep3B, while the knockdown of KLF9 improved the phosphorylation (Figure 9D).
3.10 In Vitro effects of ZCRB1 on biological behavior of liver cancer cells
Considering the knockout of ZCRB1 had the strongest tumor-inhibiting effect in the proliferation experiment, specifically, we selected ZCRB1 as the target to determine its effect on proliferation, invasion, migration, and colony formation. In the scratch assay experiment, scratches in the knock-down group healed slower than in the control group (Figure 10A). In addition, transwell invasion and migration experiments confirmed that ZCRB1 downregulation significantly reduced tumor cell invasion and migration (Figures 10B, C). ZCRB1 also inhibited the growth of Huh7 and Hep3B colonies after knockdown, suggesting that ZCRB1 boosts colony formation (Figure 10D). Besides, we performed immunohistochemical analyses of human HCC tissues and adjacent normal tissue using ZCRB1 antibody. The expression of ZCRB1 in HCC tissue was significantly stronger than in adjacent normal tissue. The expression of ZCRB1 in HCC tissue was significantly stronger than in adjacent normal tissue Figure 10E. Through the Human Protein Atlas (HPA) database, we also supplied the immunohistochemical images of the remaining model-constructed molecules in the HPA database, which indicated that there was a higher expression of GEMIN2, CDKN2A, and DLAT in HCC than in normal tissues (Supplementary Figure S1E), but the immunohistochemical data of KLF9 were not obtained. As a result, in vitro experiments suggest that ZCRB1 expression is closely related to malignant behavior in tumor cells, and it could become a new therapeutic target for copper homeostasis and cuproptosis.
[image: Figure 10]FIGURE 10 | (A) Scratch experiments were used to determine migration and wound healing. (B) Transwell migration assays. (C) Transwell invasion assays. (D) Clonogenic assays. (E) Phenotypic experiments on ZCRB1 in vitro and immunohistochemistry results in clinical samples.
4 DISCUSSION
Compared with other trace elements in the human body, copper has unique redox activity, making it an essential catalytic cofactor (Kim et al., 2008). Copper homeostasis disorder can lead to intracellular copper overload, leading to cellular protein toxic stress, which is the reason for acute cell death in cuproptosis (Tsvetkov et al., 2022). During cell proliferation, copper participates in the signal cascade (Tsang et al., 2020), promotes proliferation and diffusion, and participates in tumor microenvironment changes (Soncin et al., 1997). The critical role of copper uptake, distribution, and effluent ligand/pump expression in cancer has been confirmed (Itoh et al., 2008; Blockhuys et al., 2017; Blockhuys et al., 2020). Because of copper’s role in cancer development and the crucial position of the liver in the process of copper storage and metabolism, we searched for the related genes of copper homeostasis and cuproptosis through correlation analysis and then constructed a copper homeostasis and cuproptosis associated gene signature by Lasso regression and multivariate COX analysis. HCC patients’ prognoses could be well predicted with the model, and clinical characteristics were combined with risk scores to construct a nomogram model for facilitating clinical research and application. Several studies have examined the relationship between cuproptosis and patient prognosis in HCC (Ding et al., 2022; Peng et al., 2022; Xie et al., 2022; Zhang et al., 2022). For example, Peng et al. developed a prognostic model based on cuproptosis-related genes (Peng et al., 2022). Xie et al. built a cuproptosis-related immune checkpoint gene signature to identify the prognosis of HCC patients (Xie et al., 2022). Ding et al. also built a cuproptosis-related prognosis model and discussed it in different cuproptosis subtypes (Ding et al., 2022). Before the concept of cuproptosis was proposed, copper and copper homeostasis had been revealed to be related to many diseases, including cancers. Cuproptosis is mainly involved in participants of the TCA cycle within mitochondrial metabolism while maintaining intracellular copper homeostasis requires an intracellular multi-structure system. No research has been conducted based on copper homeostasis in hepatocellular carcinoma or other diseases. In fact, the integrity role of copper homeostasis and cuproptosis in disease has been recognized. A recent study published on signal transport and target therapy comprehensively elaborated on broad application prospects of copper homeostasis and cuproptosis and proposed that reliable biomarkers are scarce as of now (Chen et al., 2022). Besides, the clinical utility of specific models is crucial. Decision Curve Analysis (DCA) is a method to evaluate and compare multiple clinical prediction models in clinical utility, which was proposed by Dr. Andrew Vickers. This method allows us to compare our study with other cuproptosis-related models. At the time of 1, 3, and 5 years, our model exhibits better application value than the models based solely on cuproptosis (Supplementary Figure S1F). Additionally, our study was the first to explore in detail the function of tumor cells and T cells as well as the intercellular communication among different risk groups based on single-cell sequencing data, which clarifies the impact of copper-related physiological processes on different components in tumor microenvironments and provides a new perspective for follow-up readers’ studies.
Previous studies have shown that copper in the TME can directly or indirectly activate metalloenzyme function and oxidative stress (Ma et al., 1999). Without regular intracellular disposal, excessive oxidative stress will induce tumor cell transformation and uncontrolled proliferation (Hsu et al., 1994). In the functional analysis of the TCGA cohort and single-cell RNA-Seq samples, high-risk patients and malignant cell clustering showed higher proliferative capacity and viability under hypoxia. The risk score in malignant cell clustering is significantly higher than in others. Furthermore, patients with high-risk scores had higher mRNAsi scores, reflecting an acquired stem cell-like phenotype and loss of cell differentiation. The high-risk group had an increased mutation rate for TP53, LRP1B, and OBSCN. A previous study showed that OBSCN is an effective tumor suppressor in various cancers (Guardia et al., 2021). It is also known that TP53 mutation frequency is higher in cancers with increased malignancy. LRP1B is a tumor suppressor, but LRP1B-mutated cancers have improved outcomes with ICIs, the underlying mechanism of which has not yet been clarified (Brown et al., 2021). In addition, many genes with different methylation levels are associated with proliferation. This explains in one way why patients with high-risk scores had poorer clinical outcomes, indicating that the genes related to copper homeostasis and cuproptosis affect the tumor proliferation and malignancy in HCC and may even be involved in forming cancer stem cells.
Cuproptosis is mainly involved in participants of the TCA cycle within mitochondrial metabolism, while mitochondrial metabolism and glycolysis are highly related to the phosphorylation of AKT (Stiles, 2009). Early studies have confirmed that tumorigenesis can be reduced by inhibiting the copper transporter 1-copper axis via AKT signaling (Chen et al., 2021; Guo et al., 2021). And before cuproptosis was revealed, some studies had previously attempted to change cancer cells’ tolerance to specific drugs by blocking the activity of AKT (Banerjee et al., 2016; Wu et al., 2018). By knocking out the model-constructed genes, we revealed that the model-constructed genes were strongly correlated with AKT and mTOR phosphorylation levels. Despite the function of some crucial molecules has been proved, there are still unsolved mysteries. In a recent study, bioinformatics and experimental verification were combined to prove the effect of DLAT on AKT phosphorylation in HCC (Zhou et al., 2022). According to another study, CDKN2A-mediated AKT phosphorylation influences cervical cancer malignancy (Luan et al., 2021), but there are no relevant studies in HCC. KLF9 is downregulated in HCC, which could stabilize p53 and induce apoptosis (Sun et al., 2014), while it remains unknown whether it affects the activity of AKT-related pathways in HCC. A particular interest of ours is ZCRB1, which is an RNA-binding protein. As a tumor suppressor gene, ZCRB1 phosphorylates JMJD5 to regulate aerobic glycolysis in GBM through the cyclic RNA HEATR5B (Song et al., 2022). There are few studies on the role of ZCRB1 in cancer. According to our results, however, knocking out ZCRB1 significantly inhibits the malignant phenotype of HCC, as well as inhibiting the phosphorylation of AKT and mTOR. Considering the heterogeneity of copper-related metabolic processes in different tissues, ZCRB1 may combine different circRNAs and complete the phosphorylation of AKT/mTOR through different signal axes. And this process may be caused by an imbalance in copper homeostasis or cuproptosis.
Copper participates in human immunity, which promotes leukocyte differentiation, maturation, and proliferation and maintains the phagocytosis of neutrophils (Djoko et al., 2015). The role of copper in antitumor immunity has been demonstrated in recent studies. In the immune regulation of cancer, disulfiram as a copper carrier can make cancer cells carry excess copper and maintain the stability of PD-L1 in HCC (Zhou et al., 2019). In the immune-activation mouse model of neuroblastoma (GBM), copper chelation therapy with TEPA can reduce the PD-L1 expression of GBM, improve the anti-GBM immune response mediated via NK cells, and inhibit the immune checkpoint (Voli et al., 2020). These studies advise that reducing the concentration of copper in the tumor can stimulate the anti-cancer immune response and promote new immune cell clones in tumors. We found that the immune cells infiltrating the tumor tissues of high-risk patients were significantly reduced. The proportion of NK cells decreased, while immunosuppressive cells (Macrophage M2, Tregs) increased significantly. Changes in pathways related to immune cells and chemokines indicate that it is believed that copper accumulation in TME reduces the ability of immune cells to infiltrate and weakens the body’s immune response to malignant cells as a result.
In the TME, T cells play a significant role in anti-tumor immunity. Besides being a target for immune checkpoint therapy, it can also promote tumor immune escape, so understanding its characteristics is crucial (Oh et al., 2021). Based on single-cell sequencing data, GSVA was performed on T cells of samples from different risk groups, and many pathways related to T cell activity were suppressed, which suggests T cell activity may be regulated by genes involved in copper homeostasis and cuproptosis. Furthermore, positive correlations were found between several immune checkpoints and risk scores. As shown above, immunosuppression tends to be more common in high-risk patients, and the score of the signature reflects that tendency.
Our analysis of single-cell sequencing data revealed that the difference in cell communication between different cells could be the mechanism behind TME changes associated with the signature. An array of signaling pathways and corresponding receptor-ligand pairs were identified. Fas is found in virtually all cells, while the FasL gene is predominantly expressed in activated T cells. Inducing apoptosis and cell death is the primary function of Fas/FasL. T cells and NK cells trigger tumor cell apoptosis through FasL, a tumor suppressor gene (Villa-Morales and Fernández-Piqueras, 2012). CCL5’s role in tumors has been controversial. Some studies suggest that its production induces immunosuppression (Chang et al., 2012), while others suggest it promotes tumor immunity (Harlin et al., 2009; Liu et al., 2015). Tumor necrosis factor (TNF) receptors include the CD40 receptor. CD40 activates dendritic cells, which then activate CD8 + T cells Vonderheide, 2020. Monoclonal CD40 has shown efficacy in tumor therapy (Cancer Discov, 2017). In addition to proliferating effector T cells, IL-2 regulates the growth of Treg cells. IL-2-based anticancer treatments are becoming increasingly popular (Mullard, 2021). Anti-CTLA-4 resistance is affected by the expression of IFNG1 (Cancer Discov, 2017), whereas anti-PD-1 resistance is affected by the expression of IFNG2 (Williams et al., 2020). The signal intensity of the above pathways and their receptor-ligand pairs decreased to varying degrees in high-risk samples. Taking into account the change in T cell activity, the above ligand-receptor pairs may be required for genes related to copper homeostasis and cuproptosis to participate in communicating intercellularly, which may begin with the activation of immune-helper cells, such as dendritic cells, followed by the activation of effector T cells such as CD8+ and NK cells. Consequently, this will lead to a change in immune-related TME and ICBs sensitivity.
As a traditional therapy for HCC, chemotherapy can’t wholly remove tumor cells because of inherent or acquired drug resistance (Siddik, 2003). Applying copper-based complexes and copper-chelating agents is sufficient to bypass cisplatin resistance in different types of cancer (Mo et al., 2018; Rochford et al., 2020; Vančo et al., 2021). Similar methods were used in clinical trials of breast and prostate cancers (Henry et al., 2006; Pass et al., 2008; Chan et al., 2020). In several studies, chemotherapy resistance was associated with the downregulation of copper transporters and the upregulation of pumps and chaperones for copper efflux. (Katano et al., 2002; Safaei and Howell, 2005; Yu et al., 2020). The relationship between copper metabolism and chemotherapy resistance is disease-specific. For example, the clinical correlation between copper transporter 1(CTR1) expression and the efficacy of platinum chemotherapeutic drugs were contradictory in different studies (Ishida et al., 2010; Lee et al., 2011; Akerfeldt et al., 2017). Therefore, applying the risk model requires a prediction of the chemotherapeutic drug’s sensitivity. In our research, 127 drugs and compounds were expected to be sensitive to high-risk HCC patients. Additionally, patients at high risk responded better to immunotherapy targeting PD-1, which provides a reference for further research and clinical application. Considering the copper dependence on cancer progression and the low cytotoxicity of copper-chelating drugs (Hsu et al., 1994), it has the potential to use genes related to copper homeostasis and cuproptosis as immunotherapy targets. Due to the limitation of understanding the metabolic process of copper and the related mechanisms of copper homeostasis in different tumor drug resistance, no copper complexes have been used in anti-tumor therapy. More copper-related targets and pathways in cells must be found to develop more stable drug ligands. Our research provides a new application direction for traditional chemotherapeutic and targeted drugs.
5 CONCLUSION
A novel scoring model related to copper homeostasis and cuproptosis was developed in this study. High-risk scores predicted poor prognosis, high tumor malignancy, and tumor immunosuppression in HCC patients. Novel receptor-ligand pairs were proposed as targets for the changes in immune function and TME based on the intercellular communication status. Targeted and chemotherapeutic drugs with potential effects were predicted. Meanwhile, model-constructed genes were validated in terms of their clinical and functional significance, but further study is needed to understand the mechanism in more detail. As a result of our research, we are able to evaluate the malignant degree, TME changes, and cross-talk between malignant cells and immunocytes in patients with HCC, which can provide suggestions for treatment.
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Background: Immunogenic cell death (ICD) plays an important role in the development of cancers. This study attempted to explore the role of ICD in the prognosis of hepatocellular carcinoma (HCC).
Methods: Gene expression and clinical data were downloaded from The Cancer Genome Alas and Gene Expression Omnibus dataset. The immune/stromal/Estimate scores of the tumor microenvironment (TME) were calculated by ESTIMATE and CIBERSORT algorithms. Kaplan-Meier analysis, functional enrichment analysis, least absolute shrinkage and selection operator (LASSO) analysis, and univariate and multivariate Cox regression analysis were used for prognostic gene screening and prognostic model construction. The correlation of immune cell infiltration and risk scores was analyzed as well. Molecular docking was used to explore the relevance of related genes to anti-cancer drugs.
Results: Ten ICD associated differentially expressed genes in HCC were found, and all of them had good predictive ability for HCC. ICD gene high amount of expression group was associated with poor prognosis (p = 0.015). The TME, immune cell infiltration and gene expression were different between ICD high and low groups (all p < 0.05). Six ICD associated genes (BAX, CASP8, IFNB1, LY96, NT5E and PIK3CA) which could predict the survival status were identified and used to construct the prognostic model for HCC. A risk score was calculated and it could be used as an independent prognostic factor in HCC patients (p < 0.001). In addition, the risk score had a positive correlation with macrophage M0 (r = 0.33, p = 0.0086). Molecular docking indicated that sorafenib could bind strongly to the target protein, representing that sorafenib may exert anticancer effects through these six ICD associated genes.
Conclusion: This study established a prognostic model including six ICD associated genes for HCC, which may deepen our understanding of ICD and guide therapy for HCC patients.
Keywords: hepatocellular carcinoma, immunogenic cell death, prognosis, tumor microenvironment, bioinformatics analysis
INTRODUCTION
Hepatocellular carcinoma (HCC) ranks sixth in the world among the common cancers (Konyn et al., 2021), and the most common type of liver cancer is HCC. Hepatis B or C virus infection and alcohol abuse are the most common causes of HCC (Villanueva, 2019). Liver resection or transplantation, locoregional therapies such as radiofrequency ablation, trans-arterial therapies like chemoembolization and external beam radiation therapy are main treatment measures for liver cancer (Ren et al., 2020). Tumor-specific T cell lymphocytes and other immune cells can infiltrate HCC because it is immunogenic, so immunotherapy may play an important role in HCC by inducing a tumor-specific immune response (Lawal et al., 2021).
Immunogenic cell death (ICD) is a functionally unique form of stress-driven regulated cell death (RCD), by which cytotoxic T lymphocyte and inflammatory response are activated and adaptive immune response and immunological memory, as well as antigenicity and adjuvanticity, are initiated (Galluzzi et al., 2019). Exposure and release of damage-associated molecular patterns (DAMPs) consist of the immunogenic characteristics of ICD. ICD associated DAMPs include released high-mobility group box 1 (HMGB1), surface-exposed calreticulin (CARL), secreted ATP and annexin A1 (ANXA1). ICD plays an important role in the development of cancers. Several studies have been conducted to explore some of the genes that influence the prognosis of HCC (Rao et al., 2021; Chen et al., 2022). However, the role of ICD associated genes in the prognosis of HCC had not been explored.
In this study, we explored the relationship between ICD and prognosis in HCC patients from a public database. Patients were divided into 2 groups according to the gene expressions of ICD, and differentially expressed genes (DEGs) and survival analysis were analyzed. In addition, immune scores, TME and risk score were also calculated. We constructed a prognostic model which could predict the prognosis and survival status in HCC.
MATERIALS AND METHODS
Data download and process
The TCGA GDC database (https://portal.gdc.cancer.gov/) is an open-access platform for various kinds of cancers. The transcriptome profiling, simple nucleotide variation and other clinical data can be used in TCGA database. We set the primary site as liver, and choose the program for TCGA and the project for TCGA-LIHC. Metadata and cart profiles were retrieved, including 447 patients (374 tumor samples and 50 normal samples). Clinical data were downloaded and processed, which contained the age, gender, survival time and survival status, grade and stages of patients. Simple nucleotide mutation variation and masked somatic mutation were acquired from TCGA, from which we could find the start position and end position of mutation gene, chromosome, variant classification and variant type. Then we calculated the tumor mutation burden and mutation quantification. ICD associated gene expressions were obtained. The validation cohort (GSE 10186) was obtained from GEO datasets (https://www.ncbi.nlm.nih.gov/gds/?term=), which included 118 resected HCC specimens and their corresponding clinical data. The probes were labeled with gene symbols based on the annotation information on the platform.
Enrichment analysis and protein-protein interactions (PPIs) network of DEGs
We set the criteria of |log2-fold change (FC)| > 1 and adjusted p < 0.05 as upregulated and downregulated DEGs. To understand the biological functions and pathways of ICD associated genes, Gene Ontology (GO) functional enrichment and Kyoto Encyclopedia of Gene and Genomes (KEGG) pathway analyses were performed using the ClusterProfiler package in Bioconductor (https://www.bioconductor.org/packages/release/bioc/html/clusterProfiler.html). To explore the underlying molecular mechanisms for the involvement of the key genes, gene set enrichment analysis (GSEA) was drawn to investigate the differences in the KEGG pathways between the high- and low-expression groups of ICD associated genes. The DEGs were imported into the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) online database (https://string-db.org/) to construct a PPI network, and we set the minimum required interaction score with medium confidence (0.400).
Survival analysis and prognostic model construction
Kaplan-Meier method was used to construct a survival curve. The least absolute shrinkage and selection operator (LASSO) Cox regression model was used to identify and construct a prognostic model based on all genes in ICD associated prognosis genes. After enrolling each gene expression value, we calculated the formula for the risk score of each sample. The risk score formula was established by weighting the estimated regression coefficients in the LASSO analysis. In addition, the DEGs were screened to construct the nomogram prediction model. The receiver operating characteristic (ROC) curve was drawn, and the prediction ability of the model was evaluated by the area under the ROC curve (AUC).
Tumor microenvironment and immune infiltration analysis
ESTIMATE is an algorithm that uses gene expression signatures to infer the fraction of stromal and immune cells in tumor samples. Immune score, stromal score and ESTIMATE score and their relative proportions were calculated by using ESTIMATE algorithms. “Limma” and “estimate” packages were used for this process. The Spearman correlation analysis was performed on the immune cell infiltration levels and gene expression levels. In addition, all immunohistochemistry (IHC) images were obtained from The Human Protein Atlas (HPA) online database (https://www.proteinatlas.org/).
Molecular docking
Sorafenib, the first-line targeted drug for hepatocellular carcinoma. It is a dual-channel multi-target inhibitor. On the one hand, it inhibits VEGFR and PDGFR to block tumor angiogenesis, and on the other hand, it blocks Raf/MEK/ERK signaling pathway to inhibit tumor cell proliferation. To investigate the association of six ICD-related genes with anticancer drugs, this study searched the details of Sorafenib using CAS: 284461–73-0 and downloaded its 3D structure in the PubChem database (https://pubchem.ncbi.nlm.nih.gov/). The protein structures of six ICD-related genes were downloaded from the RCSB PDB database (https://www.rcsb.org/), and the information of the proteins was shown in Table 1. Protein was dehydrated and de-liganded in PyMOL. Sorafenib was converted to mol2 format in OpenBabel. Molecular docking was performed and the binding energy was collected in AutoDockTools 1.5.7. Finally, the docking results were visualized by PyMOL.
TABLE 1 | Protein information of six ICD-related genes (ICD: immunogenic cell death).
[image: Table 1]Statistical analysis
Statistical analysis was performed using R software (version 4.2.1). Univariate and multivariate Cox regression analysis were used to select risk-related factors and genes. Hazard ratios (HRs) and their 95% confidence intervals (CIs) were calculated by using multivariate Cox regression analysis. All statistical tests were two-sided and p-values of <0.05 were considered statistically significant differences.
RESULTS
ICD associated DEGs
Identification of ICD associated DEGs
There were 19312 DEGs between HCC and normal tissues (Figure 1A), and there were 34 ICD associated genes. A total of 10 ICD associated DEGs were found (Figure 1B), among which the upregulated genes were LY96, BAX, ENTPD1, CXCR3, HSP90AA1, CASP8, CALR and PDIA3, and the downregulated genes were IL6 and CD4 (Figure 1C). The 10 DGEs were highly correlated with each other (Figure 1D), and the DEGs were shown in the clustering heatmap (Figure 1E). In addition, these 10 ICD associated DEGs had a good predictive ability for HCC (Figure 1H).
[image: Figure 1]FIGURE 1 | Volcano plot of HCC DEGs (A), and Venn diagram (B), bar chart (C), correlation heatmap (D), genes expression heatmap (E), the protein-protein interaction networks (F), genes sorted by quantity of nodes (G) and ROC curve (H) of ICD associated DEGs, and survival curves of BAX (I) and HSP90AA1 (J). (HCC: Hepatocellular carcinoma, DEGs: Differentially expressed genes, ICD: Immunogenic cell death, ROC curve: The receiver operating characteristic curve; *p < 0.05, **p < 0.01, ***p < 0.001).
PPI network construction of ICD associated DEGs
From the PPI network (Figure 1F), the number of nodes was 10, the number of edges was 22, average node degrees were 4.4, and average local clustering coefficients were 0.795, with PPI enrichment p-value < 8.6e−07. DEGs sorted by quantity of nodes were drawn (Figure 1G).
IHC and immune infiltration analysis
From HPA, we obtained pathological pictures of ICD associated DEGs in normal liver tissues and tumor tissues in HCC (Figure 2). Moreover, all ICD associated DEGs were significantly associated with a large number of immune cells (Supplementary Figure S1).
[image: Figure 2]FIGURE 2 | The protein level of ICD associated DEGs in normal liver and tumor tissues were detected by immunohistochemistry from the Human Protein Atlas database. [(A) BAX, (B) CALR, (C) CASP8, (D) CD4, (E) CXCR3, (F) ENTPD1, (G) HSP90AA1, (H) IL6, (I) PDIA3; ICD: Immunogenic cell death, DEGs: Differentially expressed genes].
Survival analysis and clinical correlation analysis
The high expression of BAX and HSP90AA1 significantly reduced the survival of HCC patients (Figures 1I, J). In addition, we found no significant correlation between these 10 ICD associated DEGs and relevant clinical characteristics (Supplementary Figure S2).
Construction of nomogram prediction model
The nomogram model with 10 ICD associated DEGs was constructed to predict the 1-year, 3-year, and 5-year survival of HCC patients (Figure 3A). The calibration diagram of the model showed that the calibration curve fitted well with the ideal curve (Figure 3B), indicating that the accuracy of the model was high. The ROC curve was used to analyze the predictive ability of the nomogram prediction model, and the AUC values of 10 ICD associated DEGs indicated that the predicted values were acceptable (Figures 3C–L).
[image: Figure 3]FIGURE 3 | Establishment (A) and evaluation (B–L) of nomogram model. [calibration curve (B), the ROC curve (C–L); (C) PDIA3, (D) BAX, (E) CASP8, (F) LY96, (G) CALR, (H) ENTPD1, (I) IL6, (J) CD4, (K) CXCR3, (L) HSP90AA1; ROC: receiver operating characteristic].
Analysis of DEGs between ICD high and low expression groups
ICD gene clustering and survival analysis
Samples were clustered according to ICD gene expression. We set the number of clusters = 2 to get the clustering result (Figure 4E). According to the gene expression level, the ICD gene expression level was divided into ICD high and low expression groups (Figures 4A–C). The volcano map (Figure 4D) and heat map (Figure 4F) were drawn. From the survival curve, we found that there was a statistically significant difference in survival status between ICD high and low expression groups (p = 0.015) (Figure 4G).
[image: Figure 4]FIGURE 4 | Unsupervised consensus clustering of HCC samples based on ICD associated DEGs (A,B), consensus CDF curve and area under CDF curve when k = 2–9 (C), two clusters according to the best consensus matrix (k = 2) (E), volcano plot (D), heatmap (F), and Kaplan-Meier survival plot (G) of DEGs between ICD high and low expression groups. (HCC: Hepatocellular carcinoma, ICD: Immunogenic cell death, DEGs: Differentially expressed genes).
GO and KEGG analysis of DEGs between ICD high and low expression groups
The enrich GO function was used to enrich from biological process (BP), cellular component (CC) and molecular function (MF), respectively (Figures 5A, B). From BP, the top 3 GO terms were identified and mainly included positive regulation of leukocyte activation, positive regulation of cell activation, and positive regulation of lymphocyte activation. From CC, the top 3 GO terms included immunoglobulin complex, external side of the plasma membrane, and circulating immunoglobulin complex. From MF, the top 3 GO terms included antigen binding, immunoglobulin receptor binding, and immune receptor activity. The enrich KEGG function showed that the differential genes were enriched in cytokine-cytokine receptor interaction, chemokine signaling pathway, PI3K-Akt signaling pathway, etc (Figure 5C).
[image: Figure 5]FIGURE 5 | GO term (A,B) and KEGG pathway (C) analysis of DEGs between ICD high and low expression groups, and GSEA analysis (D,E), maftools (F,G), ESTIMATE score (H), immune score (I), stromal score (J) and tumor purity (K) in ICD high and ICD low group. (GO: Gene Ontology, KEGG: Kyoto Encyclopedia of Gene and Genomes, GSEA: gene set enrichment analysis, DEGs: differentially expressed genes, ICD: immunogenic cell death; *p < 0.05; **p < 0.01: ***p < 0.001).
GSEA, maftools and gene mutation analysis
From GSEA, we could see cell adhesion molecules, chemokine signaling pathway, cytokine-cytokine receptor interaction, hematopoietic cell lineage and leishmania infection were enriched in ICD high group (Figure 5D), and drug metabolism cytochrome P450, fatty acid metabolism, glycine, serine and threonine metabolism, primary bile acid biosynthesis and retinol metabolism were enriched in ICD low group (Figure 5E). Gene mutation data were divided based on ICD high expression and ICD low amount of gene mutation, from which chromosome, base mutation and tumor samples were shown (Figures 5F, G). In the ICD gene high amount of mutation, 125 of 150 samples (83.33%) were altered, and 184 of 211 samples (87.2%) in the ICD gene low amount of mutation were altered. TP53 altered in 33% of samples in the ICD high group, whereas 21% in ICD low group. CTNNB1 altered in 25% of samples in ICD high group, and 26% in the ICD low group. TTN altered in 17% of samples in the ICD high group, and 28% in ICD low group.
Tumor microenvironment scores analysis
In the tumor microenvironment score, we found that the group with ICD high gene expressions had a higher estimate score (Figure 5H), immune score (Figure 5I) and stromal score (Figure 5J), but lower tumor purity (Figure 5K). Histograms showed 22 types of TIILs in each case (Figure 6A), and heatmaps showed correlations between TIILs (Figure 6B). From the immune cell differential analysis, we found that B cell naive and T cell CD4 memory activated were significantly different between the two groups (p < 0.05) (Figure 6C).
[image: Figure 6]FIGURE 6 | Histogram showing 22 types of TIILs in each case (A), the correlations between the TIILs (B), comparison of the immune cell fractions (C), HLA (D) and immune checkpoint associated gene expression (E) between ICD high and ICD low groups. (TIILs: tumor-infiltrating immune cells, HLA: Human Leukocyte Antigens, ICD: immunogenic cell death; *p < 0.05; **p < 0.01: ***p < 0.001).
Human Leukocyte Antigens (HLA) and immune checkpoint gene differential analysis
HLA analysis showed that HLA-A, HLA-B, HLA-C, HLA-DMA, HLA-DMB, HLA-DOA, HLA-DOB, HLA-DPA1, HLA-DPB1, HLA-DBP2, HLA-DQA1, HLA-DQA2, HLA-DQB1, HLA-DQB2, HLA-DRA, HLA-DRB1, HLA-DRB5, HLA-DRB6, HLA-E, HLA-F, HLA-G, HLA-H, HLA-J and HLA-L in ICD gene high expression group were higher than those of ICD gene low expression group (Figure 6D). According to immune checkpoint gene differential analysis, we found that CD274, CTLA4, TIGIT, PDCD1LG2, PDCD1, LAG3 and HAVCR2 in ICD gene high expression group were higher than those of the ICD low expression group whereas SIGLEC15 was lower in ICD high group (Figure 6E).
ICD associated prognosis genes
Find ICD associated prognosis genes
All data in the GEO database were transformed. The same gene in GEO and TCGA were intersected and rectified, and ICD associated gene expressions were output. From the forest map based on univariate analysis, we found that BAX, CASP8, IFNB1, IL17RA, LY96, NT5E and PIK3CA were the 7 risk genes (all p < 0.05) (Figure 7A). LASSO regression model of HCC patients showed that the best number of ICD associated prognosis genes in the model was 6, which were BAX, CASP8, IFNB1, LY96, NT5E and PIK3CA, and the formula was risk scores = gene expression of BAX*0.1738 + gene expression of CASP8*0.1628 + gene expression of IFNB1*0.5482 + gene expression of LY96*0.0646 + gene expression of NT5E*0.1006 + gene expression of PIK3CA*0.0723 (Figures 7B, C). There was a good correlation between these 6 ICD associated prognosis genes in HCC (Figure 7D).
[image: Figure 7]FIGURE 7 | Forest plots of univariate prognostic analysis (A), LASSO regression analysis (B), coefficient profile plot (C), correlation heatmap (D) of 6 ICD associated prognosis genes, risk score plot (E), survival status scatter plot (F), heatmap (G) and survival curve (H) of high risk and low risk groups, correlation between the risk score and Macrophage M0 (I) and risk score in responder and non-responder groups in HCC who had received immune-checkpoint inhibitors (J). (LASSO: least absolute shrinkage and selection operator, ICD: immunogenic cell death, HCC: hepatocellular carcinoma; *p < 0.05; **p < 0.01: ***p < 0.001).
Risk curve and survival analysis
The samples were sequenced according to risk scores, the lower risk group was labeled blue and the higher risk group was labeled red color (Figure 7G). When making the survival status map, patients alive were dotted with green and patients dead were dotted with red points (Figure 7F). From the risk curve and survival status map, we found that with the risk scores increased, patients’ overall survival time decreased (Figures 7E, F). From the survival curve, the overall survival of patients in higher risk group was shorter than those of lower risk group (Figure 7H).
Correlation analysis of clinical characteristics
The risk score was correlated with age (> 65 years old vs. < 65 years old), grade (G2 vs. G1; G3 vs. G1; G3 vs. G2), and stage (III vs. I) (all p < 0.05) (Figure 8).
[image: Figure 8]FIGURE 8 | Correlation analysis of risk score and related clinical characteristics. [(A): age, (B) gender, (C) grade, (D) stage, (E) T stage, (F) N stage, (G) M stage].
Correlation analysis of immune cells
We obtained the correlation between risk scores and immune cells, and scatter plots and spearman correlation values were constructed for immune cells with p < 0.05. It showed that macrophage M0 was positively associated with risk score (r = 0.33, p = 0.0086) (Figure 7I). To explore the role of the risk score in differentiating responders and non-responder in HCC who had received immune-checkpoint inhibitors, we obtained TIDE data from http://tide.dfci.harvard.edu and we found that the risk score was not significantly different (Figure 7J).
Independent prognosis analysis
Based on univariate prognosis analysis, it showed that stage and risk score were independent risk factors for prognosis (all p < 0.001) (Figure 9A). From multivariate prognosis analysis, we found stage and risk score were independent risk factors for prognosis (all p < 0.001) (Figure 9B). Concordance index and AUC showed that risk score and stage had a significantly higher predictive performance for prognosis (Figures 9C, D), and this model had an acceptable performance for predicting the prognosis of HCC patients in 1 year, 3 years, and 5 years (Figure 9E).
[image: Figure 9]FIGURE 9 | Forest plots of univariate prognostic analysis for risk score (A) and multivariate prognostic analysis (B), and concordance index (C) and ROC curve (D) of different variables, and ROC curve (E) of prognostic model. (ROC: receiver operating characteristic).
Molecular docking validation of sorafenib and protein
The binding energy is an indicator to assess the magnitude of the affinity between the ligand and the receptor. It has been shown that there is strong binding activity between ligand and receptor when the binding energy is less than −5.0 kcal/Mol (He et al., 2023). In this study, the molecular docking results showed that the binding energies between Sorafenib and the target proteins were all less than −5.59 kcal/Mol (Table 2). This suggests that Sorafenib binds strongly to target proteins and that Sorafenib may exert its anticancer effects through six ICD-related genes (Figure 10).
TABLE 2 | Basic information on the molecular docking between sorafenib and the target protein.
[image: Table 2][image: Figure 10]FIGURE 10 | Molecular docking pattern of sorafenib and core target protein. [(A) sorafenib-LY96, (B) sorafenib-PIK3CA, (C) sorafenib-NT5E, (D) sorafenib-CASP8, (E) sorafenib-IFNB1, (F) sorafenib-BAX].
DISCUSSIONS
As a kind of cell death, ICD may have functions in various cancers. To explore the role of ICD in HCC, we retrieved the data from public databases such as TCGA and GEO. We divided the patients into ICD high group and ICD low group, then DEGs and survival analysis were accomplished. We calculated the risk score and constructed a prognostic model which could help predict the prognosis of HCC patients.
From the DEGs, we found that the survival status of HCC patients with HSP90AA1 high expressions was poor. A previous study had found that in HCC patients the HSP90AA1 transcripts in serum were significantly upregulated especially in late HCC patients (Toraih et al., 2019). From the 10 DEGs between HCC and normal liver tissues, we found that ectonucleoside triphosphate diphosphohydrolase-1 (ENTPD1) was higher expressed in HCC compared to normal tissue. ENTPD1 expressed on CD4+Foxp3+ regulatory T cells (Tregs), and in mice, it could inhibit natural killer (NK) cells and promote hepatic metastatic tumor growth, whereas inhibition of the enzymatic activity of ENTPD1 could be used as an adjunct therapy for hepatic malignancies (Sun et al., 2010). C-X-C motif chemokine receptor (CXCR) 3 could induce mobilization and recruitment of Tregs, and it could promote HCC recurrence and enhance acute-phase liver graft injury after liver transplantation (Li et al., 2016). The cytoplasmic level of protein-disulfide isomerase-associated 3 (PDIA3) was increased in HCC tissues, and it could raise dyskerin pseudouridine synthase 1 (DKC1) expression to promote HCC progression and reduce HCC associated recurrence-free survival rates (Ko et al., 2018).
HLA genes could promote the development of HCC and the expression of HLA genes in the ICD high group and ICD low group were different. In nucleotide analogs, naive patients with chronic HBV infection who have an AA genotype of the HLA-DQA1/DRB1 gene are more likely to develop HCC during entecavir treatment (Kozuka et al., 2018). HLA-DQB1-AS1 can interact with ZRANB2 protein to promote cell proliferation and inhibit apoptosis in HCC (Long et al., 2022). In addition, HLA-DQB1 polymorphisms increase the risk of HCC after hepatis C virus eradication (Miki et al., 2020). The risk of developing HCC in chronic hepatis B patients who have the HLA-DRB1*140101 allele is higher (Jin et al., 2012). We found that in ICD high group HLA gene expression such as HLA-DQB1, HLA-DQB1 and other genes were higher than those of the ICD low group.
Then we calculated the immune-checkpoint associated genes in ICD high group and ICD low group. In liver cancer, a T cell immunoreceptor with immunoglobulin and immunoreceptor tyrosine-based inhibitor motif domains (TIGIT) is a marker for T cell exhaustion (Ostroumov et al., 2021). The anti-tumor immune response can be suppressed by TIGIT, which is an inhibitory molecule on CD8+ effector memory T cells, and inhibitors of TIGIT combined with anti-PD1 are promising to reduce PD1 inhibitor resistance (Chiu et al., 2020; Ostroumov et al., 2021). From our study, we found that the immune-checkpoint associated genes such as TIGIT in ICD high group were higher than those of ICD low group.
From DEGs, a prognostic model which included 6 genes (BAX, CASP8, IFNB1, LY96, NT5E and PIK3CA) was constructed by using the LASSO Cox regression analysis. A previous study found that in normal human tissues NT5E-2 was expressed at low abundance, but in cirrhosis and HCC it was significantly upregulated (Snider et al., 2014). NT5E-2 codes CD73S protein which has potential significance for cancer, fibrosis and other diseases (Snider et al., 2014). In addition, compared with normal breast tissues, in breast cancer more NT5E gene was methylated, and NT5E gene methylation was associated with breast cancer development and poor prognostic factors, which indicated that NT5E gene methylation may be used as an epigenetic biomarker (Jeong et al., 2020). A previous study from the South Italy population showed that oncogenic mutations were detected in 18 (28%) of the PIK3CA gene from 65 HCC patients, which suggested that at the somatic level mutational activation of the PIK3CA gene can contribute to hepatocellular tumorigenesis (Colombino et al., 2012). In Chinese HCC patients, the frequency of PIK3CA mutations was lower (Li et al., 2012). PIK3CA and Yes-associated protein (Yap) can contribute to liver carcinogenesis by activating the MTORC1/2, ERK/MAPK and Notch pathways (Li H et al., 2015). The risk of PIK3CA gene mutations in patients with chronic Schistosomiasis is higher, which can result in hepatocyte fibrosis and liver cancer eventually (Algabbani, 2022). The polymorphisms of PIK3CA rs17849071 and rs17849079 increase the risk of HCC (Li X et al., 2015). LY96 is significantly upregulated and can be used as a prognostic factor in most types of cancers. LY96 is related to DNA methylation, copy number, microsatellite instability (MSI), somatic mutation, tumor mutation burden (TMB), tumor microenvironment (TME) features and immune cell infiltration in cancers, and LY96 can contribute to drug resistance and regulate classic tumor-associated pathways (Nie et al., 2022). We found the prognostic model constructed by the 6 ICD associated genes could predict the prognosis as well as 1 year, 3 years, and 5 years survival status well. As a tumor-promoting cytokine, IL-17A can regulate alcohol-induced hepatic steatosis, inflammation, fibrosis and HCC, and the development of HCC in alcohol-fed mice was suppressed by deleting the IL-17RA gene (Ma et al., 2020). In HCC patients, increased IL-17 and IL-17RE were related to poorer survival and a higher recurrence rate, and Th17 associated cytokines as well as the crosstalk with various kinds of inflammatory or immune cells might suggest how IL-17-producing CD4+T cells promote the carcinogenesis in HCC (Liao et al., 2013).
We also calculated the immune scores in the two groups. Estimate scores, immune scores and stromal scores in ICD high group were higher than those in ICD low group. Cancer cells, innate and adaptive immune cells, stromal cells, cancer-associated fibroblasts and endothelial cells constitute the TME and elucidate the immune microenvironment can help select appropriate treatment modalities for HCC (Oura et al., 2021). In HCC patients, M0 macrophages can predict overall survival (OS) (You et al., 2022). Compared with normal liver tissues, M0 macrophage infiltrates significantly higher in HCC tissues and it is associated with poor prognosis in HCC patients (Zhang et al., 2022). Higher M0 macrophage infiltrations are related to enriched angiogenesis hallmark genes and decreased OS in patients treated with sorafenib (Farha et al., 2020). We found that macrophage M0 had a positive correlation with the risk scores.
This study had serval advantages. First, we explored the role of ICD in HCC patients which had not been elaborated on previously. Second, the TME, risk scores and ICD were combined to investigate how differences between ICD high group and ICD low group. Third, the prognostic model constructed according to the expression of ICD associated genes could predict the prognosis and survival status in HCC patients. However, there are some limitations as well. Firstly, the prognostic model could not predict the response to immune-checkpoint inhibitors. Secondly, all the data were obtained from a public database, so further studies are still warranted to verify the model in HCC patients.
CONCLUSION
In conclusion, in this study we explored the role of ICD associated genes in HCC. The prognosis of HCC patients in the ICD high group was poor than that in ICD low group. A prognostic model of 6 genes including BAX, CASP8, IFNB1, LY96, NT5E and PIK3CA, could predict the survival status and could be used as an independent prognostic factor in HCC patients. This study provided insight into the significance of ICD in HCC, and further studies are needed to validate these findings.
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Background

Available treatments for hepatocellular carcinoma (HCC), a common human malignancy with a low survival rate, remain unsatisfactory. Macropinocytosis (MPC), a type of endocytosis that involves the non-specific uptake of dissolved molecules, has been shown to contribute to HCC pathology; however, its biological mechanism remains unknown.





Methods

The current study identified 27 macropinocytosis-related genes (MRGs) from 71 candidate genes using bioinformatics. The R software was used to create a prognostic signature model by filtering standardized mRNA expression data from HCC patients and using various methods to verify the reliability of the model and indicate immune activity.





Results

The prognostic signature was constructed using seven MPC-related differentially expressed genes, GSK3B, AXIN1, RAC1, KEAP1, EHD1, GRB2, and SNX5, through LASSO Cox regression. The risk score was acquired from the expression of these genes and their corresponding coefficients. HCC patients in the discovery and validation cohorts were stratified, and the survival of low-risk score patients was improved in both cohorts. Time-dependent ROC analysis indicated that the model’s prediction reliability was the highest in the short term. Subsequent immunologic analysis, including KEGG, located the immune action pathway of the differentially expressed genes in the direction of the cancer pathway, etc. Immune infiltration and immune checkpoint tests provided valuable guidance for future follow-up experiments.





Conclusion

A risk model with MRGs was constructed to effectively predict HCC patient prognoses and suggest changes in the immune microenvironment during the disease process. The findings should benefit the development of a prognostic stratification and treatment strategy for HCC.
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Introduction

Primary liver cancer is a common malignancy associated with high mortality, with hepatocellular carcinoma (HCC) accounting for 85% to 90% of cases. HCC is the fourth most frequent cause of tumor grade and the second leading cause of all cancer-related deaths worldwide (1). The traditional treatments for HCC include surgery, radiofrequency ablation, chemotherapy, and liver transplantation, but their efficacy is limited. In recent years, significant progress in the development of targeted molecular therapies and immunotherapeutic agents has improved HCC patient survival (2). However, these treatment options are often impacted by tumor heterogeneity and may lead to the occurrence of drug resistance (3, 4). Thus, there is a need for strategies that effectively predict treatment prognosis. This would aid in the development of more targeted treatments and inform the need for adjuvant therapies to prevent tumor recurrence and metastasis (5).

Recent advances in gene sequencing technology have exposed the genetic makeup of multiple diseases, including HCC, by identifying diverse genes and pathways involved in different pathological processes, signal transduction pathways, and nutrient absorption processes. Macropinocytosis (MPC) is an actin-driven endocytic process that is biologically distinct from other types of endocytosis, such as clathrin-mediated (6). The dysregulation of MPC is involved in immune responses, tumor progression, and cell death during various diseases, including HCC (7). Tumor growth relies on nutrients such as glucose and glutamine (Gln). When they become limited in the tumor microenvironment, tumor cells use MPC to scavenge extracellular nutrients to support their growth (8). Reusing proteins extracted from the extracellular microenvironment establishes tumor cell superiority by bypassing de novo synthesis, which is most common when tumors are facing nutritional deficiencies (9). Tumor cells also use MPC to obtain necrotic cell residue and tissue debris. Recent studies have shown that reusing carbohydrates, lipids, and nucleotides from cell debris is an important method of acquiring nutrients (10, 11). As a result, it is important to identify MPC-related genes (MRGs) and analyze their functions during HCC. MPC and its molecular signaling pathways are shown to play a critical role in the development of cancer (12). Cancer cells expressing MRGs under nutrient deficiency stress can use MPC to induce tumor growth. Meanwhile, dysregulation of MPC and specified drug interventions can induce methuosis, a unique form of non-apoptotic cell death (13). However, the biological mechanism of MPC during HCC remains unclear. Thus, understanding the impact of MRGs on HCC patient survival is of considerable interest (14).

The current study compared MRG expression in normal and HCC tissue samples from public databases and used differentially expressed MRGs to construct a prediction signature model. In addition, immunity function enrichment and immune-related pathways were explored to discern the association between MPC and the tumor microenvironment and inform novel immunotherapeutic strategies for HCC (14).





Materials and methods




Public data collection

Genetic information and matched clinical parameters, including patient age, identification number, tumor clinical stage, and survival data from 40 normal and 374 HCC samples, were obtained from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/repository). Identity information and clinicopathological characteristics from 273 HCC samples were obtained as a validation cohort from the International Cancer Genome Consortium (ICGC) portal (https://dcc.icgc.org/releases/current/Projects/LIRI-JP). Furthermore, we got the identity information and clinicopathological characteristics of HCC samples from the International Cancer Genome Consortium (ICGC) portal (https://dcc.icgc.org/releases/current/Projects/LIRI-JP) as the main validation cohort and obtained gene expression data and corresponding clinicopathological features from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/, ID: GSE14520) database for the secondary validation cohort. Before the subsequent analysis, we use the “sva” package of R to minimize the gene expression data batch effect between different databases and different batches.

We searched and obtained some relevant literature related to macropinocytosis from PubMed and manually extracted these 71 candidate MRGs. We attach the article catalog and 71 candidate MRGs in Supplementary Document 1.





Identification of differentially expressed MRGs

The “limma” package of the Bioconductor in R software was used to compare the expression of MRGs from the TCGA between tumor and normal samples and to identify differentially expressed macropinocytosis-related genes (DEMRGs) (Supplementary List 1). DEMRGs with a p-value of <0.05 were considered significant.





Construction and validation of a signature DEMRG prognostic model

The Least absolute shrinkage and selection operator (LASSO) Cox regression analysis with the “glmnet” package in R was used to screen for DEMRG expression and establish a prognostic model. Shrinkage of the regression coefficient (β) removed genes with a zero regression coefficient and reserved genes with a non-zero weight (15). The risk score of each HCC sample was determined using standardized HCC mRNA expression data (EXP) with a linear combination of the regression coefficients from the LASSO model. The risk score was the summation of the multiplied βs using DEMRG signal data [RS = ∑ EXP (mRNA) * coefficients], allowing an MPC-related prognostic model (MRPM) to be constructed. The HCC samples were divided into a low-risk score (LRS) and high-risk score (HRS) clusters using the med-cutoff RS with the “pheatmap” package in R. To determine whether samples in the two groups were well separated, principal component analysis (PCA) was conducted using the “ggplot2” package.

Independent risk factors and overall survival (OS) of the two groups were determined to evaluate the DEMRG forecasting value using univariate and multivariate Cox regression models and the log-rank test, respectively. A time-dependent receiver operating characteristic (ROC) curve was performed on each independent cohort to assess the ability of the MRPM to predict OS using the “time-ROC,” “survminer,” and “survival” packages (14). The ICGC and GEO cohorts were also used to verify the model in the same way to make it more convincing.





HCC tissue specimens

Tissue samples, including 12 from HCC patients, were obtained from the First Affiliated Hospital of Zhejiang University School of Medicine after surgery, then quickly frozen and stored in −80°C freezers. All patients provided informed consent for their tissues to be used for research, and related procedures were conducted in accordance with the 2013 revised Declaration of Helsinki.





Fluorescence quantitative real-time PCR

The RNA from the filtered HCC sample was extracted with TRIzol® reagent (15596018, Life Technologies) according to the manufacturer’s protocol. A spectrometer was used to detect the RNA concentration, the MultiScribeTM Reverse Transcriptase (4311235, Invitrogen) was used to carry out reverse transcription, and cDNA was used for the SYBR Green Master Mix (4367659, Applied BiosystemsTM) qRT-PCR. The 2−ΔΔCt method was used to determine the relative abundance of RNA by comparing the levels with a housekeeping gene such as GADPH. Related primer sequences are provided in Supplementary Document 2.





Other statistics

A protein–protein interaction (PPI) network was created using the Search Tool for the Retrieval of Interacting Genes (STRING) Protein–Protein Interaction Networks Functional Enrichment Analysis (https://cn.string-db.org/), and a protein correlation network was plotted using the “igraph” and “reshape2” R packages to show interactions between the DEMRGs. Analysis of DEMRG immune function enrichment was evaluated using Gene Ontology (GO) with the “clusterProfiler” in R, and important biochemical relationships between the DEMGs were assessed using the Kyoto Encyclopedia of Genes and Genomes (KEGG). Single-sample gene set enrichment analysis (ssGSEA) was performed to determine the scores of infiltrating immunocytes and the activity of immunological pathways between the LRS and HRS groups using the “gsva” package (14). Kaplan–Meier survival curves and a log-rank test were performed to measure the predictive performance of the prognostic MRG signature (16).

All statistical analyses were performed using the R Project for Statistical Computing (version 4.1.2) and GraphPad Prism 9. Statistical significance was considered for data with a p-value <0.05, a false discovery rate (FDR) <0.05, and a |log2FoldChange| >1.






Results




DEMRG identification

The expression levels of 71 MRGs were compared between normal and tumor samples from the TCGA. Using the established criteria, 27 DEMRGs were obtained, of which 25 (CDC42, KRAS, ARF6, GSK3B, AXIN1, WNT3A, LRP6, PAK1, EXOC4, EHD2, RAC1, TP53, KEAP1, EHD1, EHD4, NEK3, SRC, GRB2, GAB1, CTBP1, RAB34, SNX1, SNX5, CD46, and VAV2) were upregulated and two (NFE2L2 and EHD3) were downregulated. The DEMRG expression levels are listed in Figure 1A. PPI networks were developed to determine the functional connectivity and interactions of the expressed proteins. The interaction score was set to 0.4 to obtain medium confidence (Figure 1B). ARF6, RAC1, VAV2, PAK1, SRC, GRB2, KRAS, and CDC42 were defined as pivotal genes. All DEMRGs and their interaction network are shown in Figure 1C.




Figure 1 | Expression of the 27 differentially expressed macropinocytosis-related genes (DEMRGs) and their interactions. (A) Heatmap (blue: low expression level; red: high expression level) of the DEMRGs between the non-tumor (N, blue) and tumor (T, red) samples. (B) The PPI network showing the interactions of the DEMRGs (interaction score = 0.4). (C) The correlation network of the DEMRGs (red line: positive correlation; blue line: negative correlation. The depth of the colors reflects the strength of the association). (D, E) Univariate and multivariate Cox regression analyses for the risk score. (D) Univariate analysis for the TCGA cohort. (E) Multivariate analysis for the TCGA cohort.







Construction and validation of the signature DEMRG prognostic model

The HCC samples with intact survival information were obtained from the TCGA to assess the relationship between the DEMRGs and patient prognosis. There were 12 standard conforming genes, namely, CDC42, PSD4, GSK3B, AXIN1, PAK1, RAC1, KEAP1, EHD1, SRC, GRB2, SNX5, and AKT1, among which 11 genes, CDC42, GSK3B, AXIN1, PAK1, RAC1, KEAP1, EHD1, SRC, GRB2, SNX5, and AKT1, had a hazard ratio (HR) >1. Meanwhile, PSD4 was associated with an HR <1.

LASSO Cox regression was then used to generate a seven-gene signature model based on cross-validation with GSK3B, AXIN1, RAC1, KEAP1, EHD1, GRB2, and SNX5. The following formula was used to calculate the risk score: RS = 0.0606 * EXP (GSK3B) + 0.0326 * EXP (AXIN1) + 0.2757 * EXP (RAC1) + 0.2323 * EXP (KEAP1) + 0.0852 * EXP (EHD1) + 0.2713 * EXP (GRB2) + 0.3377 * EXP (SNX5). Using the med-cutoff score, the HCC samples were separated into the LRS and HRS groups (Figure 2A). According to PCA, the samples were well differentiated into the two clusters and distributed in discrete directions (Figure 2B). LRS patients had a longer survival time than those in the HRS group (p < 0.001) (Figure 2C). A volcano plot identified the significant DEMRGs in the two RS groups (Figure 2D). To determine the ability of the model to predict OS, Kaplan–Meier curves were developed to compare different survival years between the two groups. LRS HCC patients were found to have longer OS than HRS patients (p < 0.001) (Figure 2E). The RS-constructed predictive signature model was assessed using time-dependent ROC analysis, and the areas under the ROC curve (AUCs) were 0.736, 0.670, and 0.648 at 1, 2, and 3 years, respectively (Figure 2F). Considering that the AUC of 2 and 3 years is not high enough, this suggests that the survival prediction ability of the model for the TCGA cohort at these time points is not as good as that of 1 year, so we have analyzed the ROC curve of approximately 1 year (9 and 15 months). As we expected, the AUC of the three-time points in Supplementary Figure 1 is at a good level. Perhaps, in the TCGA cohort, the model has the best prediction level at approximately 1 year, and this shows that the short-term prediction value of the model for the TCGA is more worthy of our attention.




Figure 2 | Construction of the risk signature in The Cancer Genome Atlas (TCGA) cohort. (A) Distribution of patients based on the risk score. (B) PCA plot for hepatocellular carcinomas (HCCs) based on the risk score. (C) The survival status for each patient (low-risk population: on the left side of the dotted line; high-risk population: on the right side of the dotted line). (D) Volcano plot showing the significant DEGs with FDR <0.05 and |log2FC| >1 between two macropinocytosis score groups. (E) Kaplan–Meier curves for OS of patients in the high- and low-risk groups (blue: low-risk group; red: high-risk group). (F) ROC curves showing the predictive efficiency of the risk score.



To verify these results, 273 HCC samples from the ICGC were also separated into two groups (Figure 3A). The PCA revealed identical results (Figure 3B). As described above, HCC samples in the LRS group had longer survival (p < 0.01) than those in the HRS group (Figures 3C, D). These findings indicated that the model also showed strong forecasting competence in the ICGC. The ICGC AUCs at 1-, 2-, and 3-year OS were 0.715, 0.710, and 0.715, respectively (Figure 3E). Interestingly, the model indicated that the validation cohort had a better survival rate and discrimination ability than the TCGA cohort. In the GEO validation cohort, we applied the same statistical method to validate our model, and the resulting figures are shown in Supplementary Figure 2, which have also achieved good results, providing support for the reliability of the model.




Figure 3 | Validation of the risk model in the International Cancer Genome Consortium (ICGC) cohort. (A) Distribution of patients in the ICGC cohort based on the median risk score in the TCGA cohort. (B) PCA plot for HCCs. (C) Survival status for each patient (low-risk population: on the left side of the dotted line; high-risk population: on the right side of the dotted line). (D) Kaplan–Meier curves comparingOS between the low- and high-risk groups. (E) Time-dependent ROC curves for HCCs.







The independent prognostic role of the MRPM

After constructing the MRPM for the HRS and LRS groups, we created a clinical information table of the patients from the TCGA, including THEIR age, gender, tumor grade, and TNM staging (the missing information was deleted). Analysis of clinical data revealed that a higher risk score was strongly correlated with both the TNM staging and tumor histologic grade (Supplementary Table 1). Meanwhile, univariate and multivariate Cox regression analyses of data from the TCGA showed that the tumor TNM staging (p < 0.001) and RS (p < 0.001) were prominent IPFs for HCC patients (Figures 1D, E).





Model-based enrichment analysis

KEGG indicated that the differentially expressed DEMRGs were chiefly mapped to “pathways in cancer,” “cell cycle,” and “human T-cell leukemia virus-1 infection” (Figures 4A, B), while GO functional analyses found that the DEMRGs were enriched in “mitotic cell cycle,” “leukocyte-mediated immunity,” and “cell division” (Figures 4C, D). These findings indicated that differences in the OS of patients in each risk group may be related to differences in the immune response or cell cycle.




Figure 4 | Functional analysis based on the differentially expressed genes between the two risk groups in the TCGA cohort. The larger bubble and the longer bar mean that more genes were enriched, and the increasing depth of red means that the differences were more obvious. (A) Bubble graph for the high expression of KEGG pathways in the TCGA cohort. (B) Bubble graph for the low expression of KEGG pathways in the TCGA cohort. (C) Bubble graph for the high expression of GO enrichment in the TCGA cohort. (D) Circular plot for the low expression of GO enrichment in the TCGA cohort.







Immune status of HCC patients in each subgroup

A more in-depth functional analysis of the type of infiltrating immunocytes and the activity of the immunological pathways in the two databases was conducted using ssGSEA. In the TCGA (Figure 5A), the LRS patients had lower levels of immunocyte enrichment, macrophages, and Tfh cells than the HRS patients. While the type II interferon response was stronger in the LRS group, other pathways, including MHC class I, checkpoint, and antigen-presenting cell (APC) co-stimulation, were more active in the HRS group (Figure 5B). Meanwhile, in the ICGC cohort, macrophage, Th2 cell, and dendritic cell (DC) infiltration were lower in the LRS group. Except for the type II interferon response, other immunological pathways, such as MHC class I, human leukocyte antigen (HLA), checkpoint, and APC co-stimulation, were also lower in the LRS group than in the HRS group (Figures 5C, D). These results were consistent with the TCGA cohort, further supporting the reliability of the results and suggesting that the poorer survival of HRS HCC patients may result, in part, from an immunosuppressive microenvironment.




Figure 5 | Comparison of the ssGSEA scores for immune cells and immune pathways. (A, B) Comparison of the enrichment scores of 16 types of immune cells and 13 immune-related pathways between the low- (blue box) and high-risk (red box) groups in the TCGA cohort. (C, D) Comparison of tumor immunity between the low- (blue box) and high-risk (red box) groups in the ICGC cohort. *p < 0.05; **p < 0.01; ***p < 0.001. ns: No significant difference.



Immune checkpoint gene expression was also compared between the HRS and LRS groups since the expression levels of immune checkpoints are important indicators of the success of immunotherapy for multiple cancers (Figure 6; Supplementary List 2). The expression of cytotoxic T lymphocyte-associated protein 4 (CTLA-4), lymphocyte activation gene-3 (LAG-3), the V-domain Ig suppressor of T-cell activation (VISTA), and the T-cell immunoreceptor with Ig and ITIM domains (TIGIT) were slightly lower in the LRS samples than in the HRS samples (p < 0.05), suggesting that the reduced survival of the HRS group may be associated with an immunosuppressive microenvironment and supporting the verification results described above.




Figure 6 | Expression of immune checkpoints (VISTA, LAG-3, TIGIT, and CTLA-4) in the high- and low-risk samples. For ease of reading, the unit of the vertical axis is 1/1,000.








Discussion

In recent years, progress in sequencing technology has exposed the genetic landscape of HCC (6) and shown that dysregulated gene expression is associated with several biological processes, including signal transduction, nutrient absorption, and antigen uptake. These involve different pathways, of which MPC dysregulation is closely linked with the growth, immune response, and death of HCC cells (7). Recent studies have identified a correlation between HCC and MPC.

A recent study found that, through the HIF/EHD2 pathway, hypoxia induces extensive HCC cell MPC, allowing the tumor to acquire exocytic nutrients and prolong survival (7). Hypoxia-inducible factor (HIF) mediates HCC cell adaptation and spread. Eps15 homology-domain containing protein 2 (EHD2), a membrane-ruffling transcription factor, activates HIF-1 and initiates MPC. Knocking out HIF-1 or EHD2 inhibits hypoxia-induced MPC and prevents hypoxic HCC cells from salvaging nutrients required for cell growth. In mice, HCC development and MPC are inhibited by EHD2 somatic or germline deletion or by using HIF-1 or MPC inhibitors. These findings provide a novel direction for liver cancer research. Coincidentally, EHD1 was one of the seven DEMRGs selected in the current study. All four EHD family members, EHD1–EHD4, are dynamin-related ATPases involved in regulating specific endocytic transport steps through direct and indirect binding to actin filaments (17). The KEGG analyses conducted by our study showed that the differential risk genes we obtained were also considerably enriched in the HIF-1 pathway. These findings make it clear that MPC plays an important role in regulating tumor growth, dissemination, and antitumor responses. Strategies aimed at modifying MPC status in HCC patients may greatly improve their prognosis.

A recent study by Byun et al. found that sorafenib induces MPC, which mitigates sorafenib−induced ferroptosis and confers drug resistance (18). Sorafenib, a multiple tyrosine and downstream serine/threonine kinase inhibitor that triggers apoptosis and prevents angiogenesis and cancer cell proliferation, was the first targeted drug for HCC to be approved worldwide (19). In HCC samples, sorafenib was shown to inactivate mitochondrial function through PI3K–RAC1–PAK1 signaling and to amplify HCC cell MPC. Ferroptosis, a form of cell death that occurs through the lethal accretion of lipid-based reactive oxygen species, is closely associated with the development of HCC (20, 21). In recent years, medications have been developed that specifically target HCC cell ferroptosis (22). However, MPC inhibits ferroptosis by restocking depleted endocellular cysteine, causing HCC cells to develop resistance to sorafenib (18). MPC differs from other types of endocytosis in part due to its susceptibility to inhibitors of Na+/H+ exchange. Amiloride, a guanidinium-containing pyrazine derivative, is extensively used as a sodium–hydrogen exchanger (NHE) inhibitor. NHEs are membrane transporters that mediate the electroneutral exchange of hydrogen efflux and sodium influx to regulate intracellular pH (23). NHE inhibition reduces cytosolic pH, thus causing sensitive changes in GTPases that promote actin remodeling and selectively block MPC. Thus, targeting MPC may prevent the development of sorafenib resistance and improve the efficacy of this drug against HCC.

For patients with advanced HCC, current targeted therapeutic drugs such as sorafenib and lenvatinib showed only limited survival benefits with many potential side effects (24). Just recently, after the great success of the IMbrave150 clinical trial in 2019, the relevant research on various immune checkpoint inhibitors (ICIs) has attracted the attention of researchers (24). The complex immune microenvironment of HCC provides further potential advantages for ICI-based therapies in HCC.

As we all know, after anti-programmed cell death protein 1/programmed cell death ligand 1 (PD-1/PD-L1) got satisfying results in most cancers, CTLA-4 has also made breakthroughs in the immunotherapy of various tumors. Engagement of LAG-3 by its ligands can contribute to the immune escape of tumor cells by mediating downstream signaling to affect T-cell immune activity. Therefore, blockages of the LAG-3-related inhibitory signaling are promising for the development of new therapies (25). VISTA can blunt the activity of antitumor cells and strengthen the power of protumor cells. After inhibition of other immune checkpoints, VISTA’s expression profile will increase, which indicates that VISTA could constitute a new complementary target in immunotherapy (26). TIGIT is mainly expressed on tumor-infiltrating cytotoxic T cells, NK cells, etc., contributing to local suppression of immune surveillance via interacting with CD155. Several preclinical studies have supported the use of TIGIT blockade for the treatment of some advanced malignant tumors (27).

Our model classifies HCC patients into HRS and LRS groups according to the relative expression of seven genes. The results show that there is a significant difference in the expression of CTLA-4/LAG-3/TIGIT/VISTA between the two groups, suggesting that the mechanism of the effect of macropinocytosis on the progression of HCC may be related to these immune checkpoints, which are promising targets for antitumor immunotherapy. Therefore, our model can provide new ideas for the innovation of immunotherapy regimens. We can conduct clinical trials in the future when the conditions are mature. In future studies, a comparison of the antitumor effect of two regimens (immunodrugs alone and immunodrugs combined with macropinocytosis inhibitors) in HCC patients may provide new insights.

It is well known that immunotherapy brings hope for improving the survival rate of HCC patients, but at the same time, a relative proportion of patients will develop drug resistance during immunotherapy, which has a significant impact on the prognosis of these patients. Among them, the drug resistance of HCC patients is mainly divided into primary drug resistance without initial response and secondary drug resistance after the initial control. At present, studies have found that the drug resistance of immunotherapy is related to a variety of potential mechanisms, including downregulation of tumor immunogenic antigen expression or impaired antigen presentation, mutation or deletion of genes related to signaling pathway (interferon-γ, WNT/β-catenin, etc.), immunosuppressive tumor microenvironment (TME), and generation of alternative immune checkpoints. Among them, TIM-3, LAG-3, and TIGIT are currently the hottest alternative immune checkpoint targets. Therefore, we associate that our risk model may be used to monitor the drug resistance of HCC patients after immunotherapy and evaluate the severity of drug resistance. After all, we have not found biomarkers that can well predict drug resistance reactions.

The current study has some limitations. First, some variables, including ethnicity, HCC cause, patient-related imaging data, and serum indicators, had high levels of missing data so they were not included in the datasets. The cause of HCC differs by geographic region and race, requiring different methods of prognosis and treatment (28). The specificity and sensitivity of prognostic models are improved with more imaging data and markers (16). Second, although the model we have constructed has been well verified in multiple public databases, there are some differences in different databases, such as the reliability and the best scope of application of the model. We should deepen our understanding of the molecular function of MPC and explore more genes that may be related to MPC in order to improve the reliability and applicability of MRPM. Thus, future studies should verify the findings of the current study with additional risk and associated genes to expand the current molecular understanding of MPC. A prospective study is also needed to validate the results of the current retrospective study (15).





Conclusion

This study used a panel of seven DEMRGs and clinical characteristics to build a prognostic model and validated the findings with data from a second database. The findings demonstrated strong discriminative power to predict HCC patient survival, showing promising prediction value and the ability to serve as a reference for the clinical stratification of HCC. The findings also partially confirmed the relevancy between the model and immunity, informing the development of new immunotherapeutic strategies to treat this disease (14).
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Background

This study aimed to investigate the role of the alpha fetoprotein (AFP) ratio before and after curative resection in the prognosis of patients with hepatocellular carcinoma (HCC) and to develop a novel pre- to postoperative AFP ratio nomogram to predict recurrence free survival (RFS) for HCC patients after curative resection.





Methods

A total of 485 pathologically confirmed HCC patients who underwent radical hepatectomy from January 2010 to December 2018 were retrospectively analyzed. The independent prognostic factors of hepatocellular carcinoma were identified by multivariate COX proportional model analysis, and the nomogram model was constructed. The receiver operating characteristic and the C-index were used to evaluate the accuracy and efficacy of the model prediction, the correction curve was used to assess the calibration of the prediction model, and decision curve analysis was used to evaluate the clinical application value of the nomogram model.





Results

A total of 485 HCC patients were divided into the training cohort (n = 340) and the validation cohort (n = 145) by random sampling at a ratio of 7:3. Using X-tile software, it was found that the optimal cut-off value of the AFP ratio in the training cohort was 0.8. In both cohorts, the relapse-free survival of patients with an AFP ratio <0.8 (high-risk group) was significantly shorter than in those with an AFP ratio ≥0.8 (low-risk group) (P < 0.05). An AFP ratio <0.8 was an independent risk factor for recurrence of HCC after curative resection. Based on the AFP ratio, BCLC stage and cirrhosis diagnosis, a satisfactory nomogram was developed. The AUC of our nomogram for predicting 1-, 3-, and 5-year RFS was 0.719, 0.690, and 0.708 in the training cohort and 0.721, 0.682, and 0.681 in the validation cohort, respectively. Furthermore, our model demonstrated excellent stratification as well as clinical applicability.





Conclusion

The AFP ratio was a reliable biomarker for tumor recurrence. This easy-to-use AFP ratio-based nomogram precisely predicted tumor recurrence in HCC patients after curative resection.
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1 Introduction

Primary liver cancer is a common type of malignancy with rapid disease development, high aggressiveness, and poor prognosis, which seriously threatens human health and quality of life, of which hepatocellular carcinoma (HCC) accounts for more than 80% of cases (1). According to 2020 global cancer statistics, HCC is the sixth most common cancer and the third leading cause of cancer-related death in the world (2). For patients with early HCC, the radical treatment options include surgical resection, liver transplantation, and radiofrequency ablation. However, for most patients, radical resection, which is advantageous because of its high surgical resection rate and low mortality rate, is the preferred treatment. Unfortunately, the 5-year recurrence rate after radical resection of liver cancer is still high at 60%–70%, and the overall survival rate is still low (3–5).

To date, there have been many reports of the prognostic factors and prognostic models after curative resection of HCC patients, including the Barcelona Clinic Liver Cancer (BCLC) Staging System, American Joint Committee on Cancer (AJCC) Staging System, Cancer of the Liver Italian Program (CLIP) Staging System, Tokyo Scoring System, and Hong Kong Liver Cancer Staging System (6–10). In general, these predictive models have unique predictive performance; however, none are accepted (11–13).

Nobuoka et al. showed that changes in alpha-fetoprotein (AFP) levels before and after hepatectomy for HCC can effectively predict the postoperative prognosis (14). Another study also reported that pre- to postoperative changes in AFP levels are more reliable than changes in routine AFP levels as a prognostic indicator for monitoring recurrence after HCC hepatectomy (15). These studies indicate that the range of pre- to postoperative changes in AFP levels can be used as a predictive indicator of HCC.

Therefore, in this retrospective study, we confirmed the clinical significance of the pre- to postoperative AFP ratio in the postoperative prognosis of patients with HCC and developed a practical and novel nomogram for recurrence free survival (RFS) based on pre- to postoperative AFP ratios.




2 Methods



2.1 Study cohort and design

A total of 485 HCC patients who underwent hepatic resection at the 900th Hospital of Chinese People’s Liberation Army Joint Support Force from January 2010 to December 2018 were included. The inclusion criteria were as follows (1): confirmed diagnosis of primary HCC by two or more imaging modalities (ultrasound, computed tomography, or magnetic resonance imaging) or postoperative histopathologic examination (2); treated by intended cure resection, which was defined as negative margins with no residual tumor based on the histopathologic examination; and (3) well-documented clinical history and detailed follow-up information. The exclusion criteria were as follows (1): confirmed diagnosis of other malignant tumors (2); preoperative transarterial chemoembolization, radiofrequency ablation, or other anti-tumor therapy; and (3) perioperative death. A total of 1,655 patients were identified with primary hepatocellular carcinoma by the computerized medical record system. According to the inclusion and exclusion criteria, we identified 450 patients. They were stochastically dichotomized into the training cohort (n = 340) and the internal validation cohort (n = 145) at a ratio of 7:3. The study was approved by the ethics committee of the 900th Hospital of Chinese People’s Liberation Army Joint Support Force. All research procedures followed the relevant guidelines and regulations. Signed informed consent was obtained from all patients. This study was conducted in accordance with the Declaration of Helsinki.




2.2 Data acquisition

All data for this study were collected from each participant’s electronic medical record and included gender; age; white blood cell count (WBC); platelet count (PLT); levels of hemoglobin (HB), sodium (Na), alpha-fetoprotein (AFP), albumin (ALB), total bilirubin (Tbil), aspartate aminotransferase (AST), alkaline phosphatase (ALP), and alanine aminotransferase (ALT); tumor-node-metastasis (TNM) stage; Barcelona Clinic Liver Cancer (BCLC) stage; surgical information; and tumor characteristics.




2.3 Calculation of the alpha fetoprotein ratio

The AFP ratio was defined as the ratio of AFP values one week before hepatectomy to the lowest AFP values within 4 months after surgery. The normal range of AFP was defined as 0–20 ng/μL.




2.4 Follow-up

Patients received regular follow-up every 3–6 months. At each visit, detailed history and physical examination were performed, and AFP level, liver function, and images were re-examined, Abdominal ultrasound, computed tomography, or magnetic resonance imaging was performed. In some cases, the relevant examinations were performed earlier than scheduled to identify patients with suspected intrahepatic and extrahepatic recurrence and metastasis. Postoperative patients received standardized treatment and regular follow-up, and treatment plans were adjusted if necessary (16). The end point of the follow-up was tumor recurrence, death, or last follow up.




2.5 Statistical analysis

Recurrence free survival was measured from the date of surgery to the date of recurrence, the date of death, or the study closure date of December 31, 2021. Basic descriptive statistics, including mean, median, standard deviation (SD), and frequency (percentage), were used to characterize the dataset in both training and validation cohorts. Measurement data were presented as median or mean ± SD. Mann-Whitney U test was used to compare continuous variables and chi-square or Fisher’s exact test was used to compare categorical variables. X-tile statistical software (17) (version 3.6.1, Yale University, New Haven, CT, USA) was applied to determine the optimal threshold of the AFP ratio for RFS. According to the defined cutoff value, patients were divided into the low AFP ratio group or the high AFP ratio group, and the Kaplan-Meier method was used to draw survival curves. The training cohort was used to generate the nomogram based on multivariate regression to predict the 1-, 3-, and 5-year RFS using the “rms” package. The Web calculator was built by the “shiny” package. The area under the receiver operating characteristic curve and the C-index were used to evaluate the accuracy of the model in predicting survival, and the larger the C-index, the higher the accuracy of the model. Each patient had a total risk score (NomoScore: nomogram risk score) for risk stratification of RFS according to the nomogram. Patients were divided into different risk groups (low-, moderate-, high-) with the cut-off points automatically calculated using X-tile software. Decision curve analysis (DCA) was conducted to determine the clinical benefit of the nomogram by quantifying the net benefits along with the increase in threshold probabilities. Kaplan-Meier curves were plotted using GraphPad Prism 8.0 software. P < 0.05 was considered statistically significant.





3 Results

A total of 1,655 patient records in the hospital medical record system were reviewed. According to the exclusion criteria, 485 patients were included in our study cohort and randomized at a ratio of 7:3 into the training group (n = 340) and the validation group (n = 145). The process of patient selection is illustrated in Figure 1.




Figure 1 | Flow chart of the process of patient selection.



A total of 485 patients diagnosed with HCC were included, with a median follow-up time of 137 months (range, 1–275 months). There was no significant difference in any clinical parameters between the training and validation groups (Table 1).


Table 1 | Clinical characteristics of the training group and the validation group.





3.1 Relationship between the alpha fetoprotein ratio and clinical characteristics in patients with hepatocellular carcinoma

Using X-tile software, the optimal cutoff value of the AFP ratio for the training group was 0.8, which was divided into high-risk (AFP ratio <0.8) and low-risk (AFP ratio ≥0.8) groups using 0.8 as the cut-off threshold. The correlation between the AFP ratio and other characteristics is shown in Table 2. In the training group, there were significant differences in HBsAg positivity, MVI positivity, and BCLC stage between the high AFP ratio and low AFP ratio groups (P = 0.016, 0.007, 0.017, respectively). In the validation group, there was a significant difference in BCLC stage between the high AFP ratio and low AFP ratio groups (P = 0.031). As predicted, the AFP levels before hepatectomy of the high AFP ratio group were higher than those of the low AFP ratio group. In both cohorts, there were no apparent differences in other clinical and laboratory parameters between the two groups with high and low AFP ratios.


Table 2 | Clinical features of patients with high and low AFP ratios in two cohorts.






3.2 Prognostic value of the alpha fetoprotein ratio in patients with hepatocellular carcinoma

We further investigated the prognostic value of the AFP ratio in HCC patients after curative resection. In the training cohort, the RFS was 42.57 months with high AFP ratio and 15.60 months with low AFP ratio (p = 0.0018; HR, 0. 47, 95% CI, 0.25–0.88). In the validation cohort, the RFS was 38.57 months with high AFP ratio and 8.38 months with low AFP ratio (p = 0.0080; HR, 0.42, 95% CI, 0.18–0.99) (Figure 2).




Figure 2 | Kaplan-Meier curves showing the recurrence free survival (RFS) of the high-risk subgroup and the low-risk subgroup of hepatocellular carcinoma patients in the training cohort (A) and the validation cohort (B).






3.3 Univariate and multivariate analyses

The Cox proportional hazards regression model was used to analyze the AFP ratio and clinical parameters in patients with HCC, and variables with P < 0.05 were included in the multivariate Cox regression analysis. In the training cohort, the results of univariate analysis showed that AFP ratio, tumor capsule, MVI, BCLC stage, and cirrhosis diagnosis were significantly associated with RFS, whereas the results of multivariate analysis showed that AFP ratio, BCLC stage, and cirrhosis diagnosis were important independent factors affecting prognosis. In the validation cohort, univariate and multivariate analyses confirmed that AFP ratio was an independent risk factor for patients with HCC. These results are presented in Tables 3, 4.


Table 3 | Univariate and multivariate analyses for recurrence free survival in the training cohort.




Table 4 | Univariate and multivariate analyses for recurrence free survival in the validation cohort.






3.4 Construction and validation of alpha fetoprotein ratio-based nomogram for recurrence free survival

Based on the multivariate Cox proportional hazards model of the training group, three variables, including AFP ratio, BCLC stage, and cirrhosis diagnosis, were used to establish satisfactory nomograms for predicting 1-, 3-, and 5-year RFS in HCC patients (Figure 3A). The AUC values for our nomogram for predicting 1-, 3-, and 5-year RFS were 0.719, 0.690, and 0.708 in the training cohort and 0.721, 0.682, and 0.681 in the validation cohort, respectively (Figures 3B, C).




Figure 3 | Developed prognosis nomogram model for RFS. (A) nomogram for predicting 1-, 3-, and 5-year RFS of HCC patients after curative resection. (B, C) 1-, 3-, and 5-year ROC values of RFS in the training cohort (B) and the validation cohort (C).






3.5 C-index and calibration plot in the training and validation cohorts

In the training cohort, the C-index of the nomogram for the RFS prediction was 0.67, and the calibration curves for the 1-, 3- and 5-year RFS rates overlapped with the standard lines, suggesting excellent agreement between predicted and actual RFS values (Figures 4A–C). In the validation cohort, the C-index of the nomogram for the RFS prediction was 0.64, and the calibration curves for the 1-, 3- and 5-year RFS rates overlapped with the standard lines, also suggesting excellent agreement between predicted and actual RFS values (Figures 4D–F).




Figure 4 | Calibration curves of the prognostic nomogram in both groups. (A) Calibration curve of the nomogram for the training cohort at 1 year. (B) Calibration curve of the nomogram for the training cohort at 3 years. (C) Calibration curve of the nomogram for the training cohort at 5 years. (D) Calibration curve of the nomogram for the validation cohort at 1 year. (E) Calibration curve of the nomogram for the validation cohort at 3 years. (F) Calibration curve of the nomogram for the validation cohort at 5 years.






3.6 Decision curve analysis for clinical utility of the nomogram

Decision curve analysis can determine the clinical benefit of a nomogram by quantifying the net benefit as well as the increase in threshold probability. The DCA of our nomogram and the independent risk factors, namely, AFP ratio, BCLC stage, and cirrhosis diagnosis, in the training and validation cohorts for 1-, 3-, and 5-year RFS are illustrated in Figure 5. Both the training and validation groups showed that, compared with AFP ratio, BCLC stage, cirrhosis diagnosis, our nomogram provided a better clinical benefit and had significant clinical application in the prediction of HCC recurrence (Figures 5A–F).




Figure 5 | Decision curve analysis (DCA) of the nomogram. (A–C) DCA of 1-, 3-, and 5-year RFS predicted nomograms in the training cohort; (D–F) DCA of the 1-, 3-, and 5-year RFS predicted nomograms in the validation cohort. AFP ratio, alpha-fetoprotein ratio; BCLC, the Barcelona Clinic Liver Cancer staging system.






3.7 Prognostic assessment and risk stratification

We further examined nomograms for prognostic evaluation and risk stratification. Each HCC patient received a different score according to the total risk score calculated from the nomogram model, which was divided into different risk groups to determine the discriminative ability of the nomogram for RFS. The optimal cut-off points were automatically calculated by X-tile software. The calculated risk score could classify HCC patients into high-risk (>115), middle-risk (35–114), and low-risk (<34) groups. The Kaplan-Meier method was used to compare the RFS of three different risk groups, and the results showed that the nomogram risk score had a significant discriminatory ability for the risk of patient recurrence (P < 0.05, Figure 6).




Figure 6 | Risk stratification of the developed nomogram model for recurrence free survival.







4 Discussion

Hepatocellular carcinoma is a common type of malignancy, and its methods of treatment and effects of treatment are not the same, of which curative resection surgery is the generally accepted treatment of choice (18). In-depth studies have focused on the development, progression, and prognostic factors of HCC, and several improvements have been reported in diagnosis and treatment, surgical techniques, and comprehensive treatment; however, the prognosis of HCC after treatment is still not satisfactory. Studies have demonstrated that the 5-year recurrence and metastasis rate after surgical resection of HCC can be as high as 70% (19), and the 5-year overall survival rate is only 39%–65% (20, 21). The high recurrence rate of HCC after surgical resection is unacceptable, because it affects the prognosis of millions of HCC patients worldwide, so the development of a scoring model that can accurately predict the postoperative recurrence of HCC patients can help clinicians to individualize the preoperative treatment methods, surgical methods, and postoperative treatment options, which is critical for improving the long-term survival of HCC patients.

Alpha-fetoprotein is a serum biomarker used in the clinical diagnosis and postoperative monitoring of HCC, and the positive detection rate in HCC patients is approximately 70%–80%. In HCC patients with a negative detection rate, AFP is still an important indicator for predicting the prognosis of HCC (22, 23). Previous studies have demonstrated that high AFP levels in HCC patients are significantly associated with poor prognosis (24, 25). Some liver cancer staging systems, such as the Biomarker Combined Japan Integrated Staging (bm-JIS) and the CLIP score, also utilize serum AFP levels (8, 26), whereas AFP levels ≤400 ng/mL are included in the Hangzhou criteria as a patient selection criterion before liver transplantation (27).

However, the effectiveness of preoperative or postoperative AFP levels alone in predicting recurrence after HCC resection remains inadequate. Serum AFP levels may reflect tumor burden, and a decrease in the serum AFP level after surgery is considered to indicate a good response to treatment (28, 29). Thus, dynamic changes between preoperative and postoperative AFP levels may predict HCC prognosis more accurately than preoperative or postoperative AFP levels alone. Toro et al. indicated that AFP levels before and after treatment were associated with survival in HCC patients (30), whereas Nobuoka et al. showed that AFP levels changed from positive preoperatively to negative postoperatively and could be used to predict postoperative recurrence of HCC (14). Luo et al. also demonstrated that changes in preoperative to postoperative AFP levels could be used to assess recurrence and survival after radiofrequency ablation in HCC patients, and that the preoperative to postoperative AFP ratio could be used as a potential assessment index (31). Taken collectively, these findings suggested a strong association between changes in AFP levels before and after treatment and HCC prognosis.

In this study, we confirmed the prognostic value of the ratio of preoperative AFP to postoperative AFP in HCC patients after surgery. The optimal cut-off value of the AFP ratio in this study was 0.83, and HCC patients with AFP ratios less than 0.8 had significantly lower recurrence-free survival than those with AFP ratios greater than 0.8 in training and validation groups. Univariate and multivariate analyses showed that AFP ratio was an independent risk predictor for postoperative RFS in HCC patients. In conclusion, our results indicated that the AFP ratio was an important prognostic indicator for HCC patients undergoing curative resection surgery.

Nomograms transform complex regression equations into visual graphs, and they are reliable tools for integrating and quantifying significant risk factors for the prognosis of a variety of diseases (32, 33). Accurate prognostic evaluations can help physicians follow patients and select individualized treatment measures based on risk-benefit assessment scores. Our study developed a novel nomogram based on independent risk predictors of postoperative RFS in HCC patients. The nomogram included three variables, namely, AFP ratio, BCLC stage, and cirrhosis. Currently, BCLC staging is the most widely used staging system worldwide, and its unique advantage lies in the comprehensive consideration of the general condition, tumor condition, and liver function of HCC patients, and the preferred treatment is proposed according to the stage (34). Several studies have reported that the BCLC stage was an independent factor for the prognosis of HCC patients, which has better survival stratification and prognostic ability than other liver cancer staging modalities such as TNM stage, Japan Integrated Staging (JIS), and CLIP score (35, 36). Cirrhosis, a chronic persistent liver injury, is the result of multiple etiologies that lead to hepatocyte necrosis, which in turn causes severe liver lesions, thus becoming a risk factor for early HCC and postoperative recurrence. Many prognostic studies have demonstrated that cirrhosis was an independent predictor of HCC prognosis (37, 38). Our study confirmed BCLC stage and cirrhosis as independent and significant risk factors for poor disease-free survival after curative liver resection.

In this study, we combined the prediction model constructed by the pre- to postoperative AFP ratio, BCLC stage, and cirrhosis diagnosis, and comprehensively considered the comprehensive effects of three major aspects, namely, laboratory examination indicators, clinical characteristics, and imaging characteristics. The C-index of the model in the training group was 0.67, and the AUC values for predicting 1-, 3-, and 5-year RFS were 0.719, 0.690, and 0.708, respectively. In the validation group, the C-index was 0.64, and the AUC values for predicting 1-, 3-, and 5-year RFS were 0.721, 0.682, and 0.681, respectively. In addition, DCA showed that our nomogram achieved a higher net benefit than any single prognostic indicator such as BCLC stage and cirrhosis diagnosis in predicting 1-, 3-, and 5-year RFS. In summary, the nomogram prediction model we created based on the AFP ratio had high reliability and high clinical application value, and it can help clinicians individualize the treatment of HCC patients.

Although our nomogram showed satisfactory clinical performance, many limitations remain. First, this investigation was a single-center study, and the sample size was insufficient, which may bias the study results. Second, retrospective study analysis associated with selection bias in data collection and postoperative follow-up, and finally, in this study, the main cause of HCC was hepatitis B virus infection, which is different from the common cause in Western countries, which may affect AFP secretion. Thus, in the future, this model requires larger cohorts and prospective studies to validate its stratification strategy and prognostic ability.




5 Conclusion

In conclusion, the AFP ratio-based RFS nomogram prognostic model showed great potential predictive accuracy in HCC patients after curative resection and could be used in clinical practice to accurately assess RFS and identify high-risk patients, so as to develop more precise individualized treatment plans, and then increase the survival time of patients.
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Background: Ubiquitin-proteasome system (UPS) is implicated in cancer occurrence and progression. Targeting UPS is emerging as a promising therapeutic target for cancer treatment. Nevertheless, the clinical significance of UPS in hepatocellular carcinoma (HCC) has not been entirely elucidated.
Methods: Differentially expressed UPS genes (DEUPS) were screened from LIHC-TCGA datasets. The least absolute shrinkage and selection operator (LASSO) and stepwise multivariate regression analysis were conducted to establish a UPS-based prognostic risk model. The robustness of the risk model was further validated in HCCDB18, GSE14520, and GSE76427 cohorts. Subsequently, immune features, clinicopathologic characteristics, enrichment pathways, and anti-tumor drug sensitivity of the model were further evaluated. Moreover, a nomogram was established to improve the predictive ability of the risk model.
Results: Seven UPS-based signatures (ATG10, FBXL7, IPP, MEX3A, SOCS2, TRIM54, and PSMD9) were developed for the prognostic risk model. Individuals with HCC with high-risk scores presented a more dismal prognosis than those with low-risk scores. Moreover, larger tumor size, advanced TNM stage, and tumor grade were observed in the high-risk group. Additionally, cell cycle, ubiquitin-mediated proteolysis, and DNA repair pathways were intimately linked to the risk score. In addition, obvious immune cell infiltration and sensitive drug response were identified in low-risk patients. Furthermore, both nomogram and risk score showed a significant prognosis-predictive ability.
Conclusion: Overall, we established a novel UPS-based prognostic risk model in HCC. Our results will facilitate a deep understanding of the functional role of UPS-based signature in HCC and provide a reliable prediction of clinical outcomes and anti-tumor drug responses for patients with HCC.
Keywords: hepatocellular carcinoma, ubiquitin-proteasome system, drug sensitivity, risk model, prognosis
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most frequent type of liver neoplasm, with a global high incidence and mortality rate (Sung et al., 2021). Notably, the incidence of HCC will rise greatly in the future due to excessive drinking, viral hepatitis infection, and emerging fatty liver diseases (Kirstein and Vogel, 2014). Although the early diagnosis of HCC has been improved, patients usually present pathognomonic symptoms (Mao et al., 2019). Nowadays, surgery intervention, liver transplantation, local ablation, and trans-arterial chemoembolization (TACE) radiation therapy are the main treatments for patients with HCC (Zhou et al., 2020). However, the prognosis of patients with HCC remains unfavorable. Drug resistance and precise therapeutic approaches are still challenging problems (Koulouris et al., 2021). Moreover, heterogeneity within a tumor is one of the main reasons contributing to currently ineffective therapies for most types of cancers, including HCC (Chan et al., 2022). Lesions within the same tumor may have different genomic alterations, biological behaviors, and local microenvironments, and may respond differently to a treatment. Even tumor cells in different areas of the same lesion may have different somatic mutations (Zhang et al., 2019). Due to tumor heterogeneity, there are significant differences in the prognosis of patients with HCC. Therefore, it is necessary to explore novel biomarkers that can accurately predict prognosis and guide clinical management for patients with HCC.
The ubiquitin-proteasome system (UPS) plays an essential role in maintaining cellular protein homeostasis through the degradation of short-life, misfolded, or non-essential cellular proteins (Colberg et al., 2020). UPS is a complex containing E1, E2, and E3 ubiquitinating enzymes and deubiquitinating enzymes as well as 26 S proteasome. It has been found that UPS is involved in various biological processes including in cell cycle, apoptosis, autophagy, epigenetic regulation, signaling transduction, and inflammatory and immune response (Zhou et al., 2019) (Çetin et al., 2021) (El Yaagoubi et al., 2021). Furthermore, the alteration of UPS leads to the initiation and progression of multiple diseases, such as kidney disease, Alzheimer’s disease, schizophrenia, and psoriasis (Yang et al., 2018) (Meyer-Schwesinger, 2019) (Al Mamun et al., 2020) (Luza et al., 2020). Recently, accumulating evidence has demonstrated that UPS dysregulation contributes to human malignancies progression (Yerlikaya et al., 2021). For instance, E3 ligases-mediated P53 degradation was clarified to be responsible for tumor development and progression (Bang et al., 2019). Targeting UPS may help to find potential therapeutic strategies for cancer patients (Zhang et al., 2020). Notably, a recent study has revealed the pivotal role of UPS in HBV viral replication and the pathogenesis of HCC (Kong et al., 2019). For example, ubiquitin-protein ligase E3 component N-recognin 7 (UBR7) is a key negative regulator of aerobic glycolysis and HCC oncogenesis (Zhao et al., 2022). However, the functional role and clinical value of UPS-related genes in HCC have not been fully investigated.
In this study, differentially expressed UPS genes (DEUPS) were screened based on the LIHC-TCGA dataset. Key UPS-associated genes were selected using univariate Cox regression and LASSO regression analyses. Next, we constructed a UPS-based prognostic risk model to accurately predict the clinical outcome of HCC. Furthermore, clinicopathologic characteristics, enrichment pathways, immune features, and drug sensitivity were further evaluated between the two risk groups. Collectively, our study sheds deeper insights into the underlying mechanisms of HCC pathogenesis and facilitates clinical decision-making based on targeting the UPS to manage HCC.
RESULTS
Identification and functional enrichment analysis of DEUPS in HCC
We first analyzed the differentially expressed genes based on the LIHC-TCGA datasets. A total of 6,682 upregulated genes and 816 downregulated genes were identified in HCC (Figure 1A). Next, 366 differentially expressed UPS (DEUPS) were filtered out through overlap analysis of the differentially expressed genes and UPS-related genes (Figure 1B). Then, the expression pattern of these DEUPS between HCC samples and adjacent normal samples was visualized, as shown in Figure 1C. Through screening prognosis-related genes by univariate Cox regression analysis, one protective gene and 249 risk genes were finally identified in HCC (Figure 1D).
[image: Figure 1]FIGURE 1 | Identification of DEUPS in HCC. (A) Volcano plots displayed 6,682 upregulated and 816 downregulated genes between HCC samples and adjacent normal samples. (B) Venn diagram of overlap analyses for differential genes and UPS genes. (C) Heatmap showing the expression pattern of DEUPS between HCC samples and adjacent normal samples. (D) Scatter plot of univariate Cox regression analyses for screening prognosis-associated genes.
To gain insights into the biological function of DEUPS, GO and KEGG enrichment analyses were performed using 366 DEUPS. Under FDR <0.05, 119 items in biological process (BP), 26 items in cellular component (CC), 37 items in molecular function (MF), and 3 KEGG pathways were identified. The top 10 GO terms in BP, CC, and MF were shown (Figures 2A–C). KEGG analysis displayed that DEUPS were mainly enriched in the proteasome, ubiquitin-mediated proteolysis, and Epstein-Barr virus infection pathways in HCC (Figure 2D). This finding revealed a potential role of UPS in hepatocarcinogenesis.
[image: Figure 2]FIGURE 2 | Enrichment analyses of DEUPS in HCC. (A–C) Top 10 terms in BP, CC, and MF categories. (D) KEGG Pathway analyses of DEUPS.
Development and verification of UPS-based prognostic model in HCC
Firstly, we reduced the gene number for further analysis based on LASSO regression analyses. It was discovered that as lambda increased, the number of independent variable coefficients steadily tended toward zero (Figure 3A). Figure 3B presents the confidence interval for each lambda under the results of 10-fold cross-validation. Through further stepwise multivariate regression analyses with stepAIC, seven genes were selected for the risk model construction using the formula: RiskScore = 0.398*ATG10 + 0.193*FBXL7 + 0.282*IPP + 0.191*MEX3A-0.415*SOCS2 + 0.096*TRIM54 + 0.563*PSMD9.
[image: Figure 3]FIGURE 3 | Determination of key genes for risk model construction. (A) Independent variable coefficients. (B) 10-fold cross-validation determining the confidence interval under each lambda.2 (C) Distribution of seven UPS-based signatures. (D) Kaplan-Meier curves of high- and low-risk patients in the TCGA cohort. (E) ROC curves with AUCs for 1-year, 3-year, and 5-year OS.
We then divided the TCGA-LIHC cohort’s samples into high-risk and low-risk groups based on the risk scores (Figure 3C). Kaplan-Meier survival analysis showed that HCC patients with high-risk scores had a worse prognosis in comparison to those patients showing a low-risk score (p < 0.0001) (Figure 3D). Furthermore, the area under the receiver operating characteristic curve (ROC) was 0.82 (95% CI, 0.75–0.88) in predicting 1-year OS, 0.75 (95% CI, 0.68–0.82) in predicting 3-year OS, and 0.74 (95% CI, 0.65–0.82) in predicting 5-year OS. (Figure 3E). Then, we validated the robustness of this risk model in the HCCDB18, GSE14520, and GSE76427 cohorts and found a strong predictive performance of this risk model (Figures 4A–C). The KM survival analysis in 32 pan-cancer showed that the RiskScore could predict prognosis in 23 cancers (Supplementary Figure S1). Those results indicated the robustness of the RiskScore.
[image: Figure 4]FIGURE 4 | Validation of UPS-based prognostic model in three independent datasets. ROC analyses of the risk model for 1-year, 3-year, and 5-year OS (up) and Kaplan-Meier curves of high- and low-risk patients (down) in the HCCDB18 cohort (A), GSE14520 cohort (B), and GSE76427 cohort (C), respectively.
Correlation analyses of the prognostic risk model with clinicopathologic characteristics
Next, we examined the distribution of the risk score across various clinicopathological characteristics in the TCGA-LIHC cohort. We observed a significant increase in the risk score among patients with larger tumor sizes, advanced TNM stage, higher tumor grade, and poorer clinical outcomes (Figure 5A). Similar results are shown in Figure 5B. These findings suggest that patients with higher risk scores display more advanced clinicopathological features and have a poorer prognosis in HCC. The copy number of six genes manifested varying degrees of amplification or deletion. The FBXL7 gene had the highest mutation (Supplementary Figure S2).
[image: Figure 5]FIGURE 5 | Clinicopathologic characteristics analyses in high- and low-risk groups. (A) Distribution of the risk score in different clinicopathologic characteristics including sex, age, tumor size (T), TNM stage, Grade, and survival status. (B) Distribution of the clinicopathologic characteristics in the high- and low-risk groups. ns, no significance, ***p < 0.001, and ****p < 0.0001.
Pathway enrichment analysis of UPS-based prognostic risk signature
Pathway analyses deciphered that several pathways, including DNA_REPLICATION, OOCYTE_MEIOSIS, CELL_CYCLE, UBIQUITIN_MEDIATED_PROTEOLYSIS, and HOMOLOGOUS_RECOMBINATION, and MISMATCH_REPAIR, were positively correlated with the risk score, while some metabolism-associated pathways, such as DRUG_METABOLISM_CYTOCHROME_P450, PRIMARY_BILE_ACID_METABOLISM, FATTY_ACID_METABOLISM, and ARACHIDONIC_ACID_METABOLISM, were negatively correlated with the risk score (Figure 6A). The heatmap showed pathways enriched in low- and high-risk groups (Figure 6B). These results suggested the underlying mechanism of UPS involved in HCC.
[image: Figure 6]FIGURE 6 | Potential regulatory pathways of the risk model. (A) Correlation analyses between risk score and enriched pathways. (B) Distribution of the enriched pathways in high- and low-risk groups are shown in the Heatmap.
Assessment of the prognostic risk model on immunophenotype
The ESTIMATE algorithm was utilized to assess the immune characteristics of the risk model. The results revealed that patients with HCC from the high-risk group had lower stromal scores and ESTIMATE scores (Figure 7A). ssGSEA showed a significant differentiation in immunophenotype between the two risk groups. Notably, effector memory CD8+ T cell, activated B cell, natural killer cell, neutrophil, activated CD8+ T cell, CD56dim natural killer cell, eosinophil, and type 1 T helper cell were significantly increased in the low-risk group, while the type 2 T helper cell, activated CD4+ T cell, and effector memory CD4+ T cell were elevated in high-risk patients (Figure 7B). Further correlation analyses showed that the risk score was negatively associated with effector memory CD8+ T cell, activated B cell, neutrophil, type 1 T helper cell, natural killer cell, eosinophil, CD8+ T cell, and CD56dim natural killer cell, whereas positively associated with type 2 T helper cell, activated CD4+ T cell, and effector memory CD4+ T cell (Figure 7C). In addition, 15 immune-related pathways were downloaded from KEGG, and the scores were calculated by ssGSEA analysis. The score differences of 15 pathways between high- and low-risk groups indicated that three immune pathways had significant differences between high- and low-risk groups (Supplementary Figure S3).
[image: Figure 7]FIGURE 7 | Immune characteristics of the risk model. (A) The Stromal score, Immune score, and ESTIMATES score in high- and low-risk groups. (B) The enrichment scores of 28 immune cells in high- and low-risk groups (C) Scatter plots display the correlation between risk score and 12 immune cells. ns, no significance, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
Evaluation of the prognostic risk model on drug sensitivity
Subsequently, the sensitivity of high- and low-risk groups to chemotherapeutic drugs was evaluated. The risk score showed a positive correlation with XMD8-85, Parthenolide, Paclitaxel, TAE684, CGP-60474, BMS-509744, WH-4-023, JW-7-52-1, Dasatinib, Saracatinib, WZ-1-84, Z-LLNle-CHO, and CMK, but negative correlation with PHA-665752, GNF-2, NSC-87877, Vinorelbine, Embelin, Cyclopamine, Imatinib, AKT inhibitor VIII, Pyrimethamine, QS11, and Bexarotene. (Figure 8A). Moreover, high-risk patients were more sensitive to Bexarotene, QS11, Pyrimethamine, AKT inhibitor VIII, Imatinib, Cyclopamine, Embelin, Vinorelbine, NSC-87877, GNF-2, PHA-665752, while low-risk patients were more sensitive to CMK, Z-LLNle-CHO, WZ-1-84, Saracatinib, Dasatinib, JW-7-52-1, WH-4-023, BMS-509744, CGP-60474, TAE684, Paclitaxel, Parthenolide, and XMD8-85 (Figure 8B), which revealed that this risk model could significantly distinguish the clinical therapeutic response.
[image: Figure 8]FIGURE 8 | Evaluation of the risk model on drug sensitivity. (A) Correlation analyses between risk score and chemotherapeutic drugs are shown in the Histogram. (B) Estimated IC50 values of chemotherapeutic drugs between the high- and low-risk groups. p < 0.0001.
Establishing a nomogram integrated with a prognostic risk score and clinicopathological features
Using univariate and multivariate Cox regression analyses, we identified risk scores combined with the TNM stage as independent prognostic markers of patients with HCC (Figure 9A). We evaluated the predictive effectiveness of this risk model using a nomogram, and the risk score showed the highest influence on survival prediction (Figure 9B). The anticipated calibration curves for 1-year, 3-year, and 5-year were nearly identical to the reference curves, indicating a strong predictive ability of the nomogram analyses (Figure 9C). Furthermore, the DCA results demonstrated that both the nomogram and risk score had the strongest survival prediction ability (Figures 9D, E).
[image: Figure 9]FIGURE 9 | Construction of nomogram based on risk score and clinicopathological characteristics. (A) Independent prognostic factors were determined by univariate and multivariate Cox regression analyses. (B) Construction of nomogram to assess the predictive efficiency of risk score. (C) Calibration curves for nomogram predicted OS and observed OS for 1 year, 3 years, and 5 years. (D) DCA curves showed the reliability of the nomogram. (E) AUCs of different clinicopathologic characteristics for 1, 2, 3, 4, and 5-year OS.
DISCUSSION
The UPS serves a critical role in cancer initiation and progression. Emerging evidence has highlighted the role of UPS as a promising therapeutic target for cancer management. Recently, UPS-based prognostic signatures have been identified in pancreatic cancer, head and neck squamous cell carcinoma (HNSCC), and papillary renal cell carcinoma (Lankes et al., 2020; Wang et al., 2021; Zhang et al., 2022). The present study screened DEUPS and developed a UPS-based prognostic risk model that could predict the prognosis and anti-tumor drug sensitivity of patients with HCC.
In the present study, we established a UPS-based prognostic signature in HCC including ATG10, FBXL7, IPP, MEX3A, SOCS2, TRIM54, and PSMD9. The risk model exhibited a strong performance in survival prediction. Previous studies have identified that ATG10 was associated with autophagy, immune response, and tumor metastasis in HCC (Zhang J. et al., 2021; Chen et al., 2021; Xu et al., 2021), which suggested that UPS-related genes might contribute to HCC development through regulating biological process. FBXL7, an F-box protein that binds to substrates via SKP1-Cullin-1-F-box (SCF) E3 ubiquitin ligase, could enhance polyubiquitylation and degradation of substrates in tumor occurrence and aggression (Wang et al., 2022). Additionally, FBXL7 reduces chemotherapy resistance by promoting the ubiquitination and degradation of survivin (Dong et al., 2022). IDO-targeting PROTAC peptide (IPP), generated and activated from UPS, leads to the activation of effector T cells that could further suppress tumor growth and metastasis (Zhang C. et al., 2021). MEX3A, an RNA-binding ubiquitin ligase, has been verified to be involved in glioblastoma multiforme initiation and progression (Bufalieri et al., 2020). Furthermore, SOCS2 enhances the radiotherapy sensitivity of patients with HCC through mediated SLC7A11 ubiquitination (Chen et al., 2022). Furthermore, TRIM54 was identified as an oncogene in HCC (Zhu et al., 2021). Köster et al. have demonstrated that a high level of PSMD9 is strongly associated with clinical relapse after radiotherapy in patients with cervical cancer (Köster et al., 2020). Collectively, UPS-related molecules might contribute to hepatocarcinogenesis.
High immune cell infiltration and immunosuppression characterize the tumor microenvironment (TME), which represents a critical prognostic factor (Cariani and Missale, 2019). Natural killer cells are considered the first-line effector in innate immunity that can shape the TME of HCC and exert cytotoxic effects (Chen et al., 2023). Immunotherapeutic strategies targeting natural killer cells were evidenced as promising approaches to improve the clinical outcomes of patients with HCC (Habif et al., 2019). To induce an adaptive immune response in HCC, activated dendritic cells present process antigens that bind to class II Human Leukocyte Antigen molecules to naïve CD4+T cells, and then provoke the differentiation of CD4+ T cells into type 1 T helper cells, leading to differentiation into effector CD8+ cytotoxic T lymphocytes (Cariani and Missale, 2019). It has been reported that the abundance of intertumoral CD3+ and CD8+ cytotoxic T cells was strongly associated with the relapse-free survival rate in HCC (Gabrielson et al., 2016). Moreover, tumor-specific CD8+ T cells are crucial in immunotherapies (Hofmann et al., 2021). In this study, we observed that tumor-inhibiting associated immune cells were significantly increased in low-risk patients, suggesting that UPS-related risk genes might facilitate reshaping the evolution of HCC through regulating immune cell infiltration.
Increasing evidence has clarified the role of UPS in tumor cell proliferation (Wei et al., 2022). In this study, we found that UPS-based risk score was significantly positively correlated with DNA_REPLICATION, OOCYTE_MEIOSIS, CELL_CYCLE, MISMATCH_REPAIR, UBIQUITIN_MEDIATED_PROTEOLYSIS, and HOMOLOGOUS_RECOMBINATION. The results indicated that these seven UPS-based signatures were involved in HCC progression via regulating cell cycle and DNA repair pathways.
In the present study, we also performed drug sensitivity analyses and the results showed that these drugs were closely associated with the risk score, which indicated the potential clinical value of UPS in HCC treatment. Moreover, patients with high-risk scores were more sensitive to anti-tumor drugs such as Bexarotene, QS11, Pyrimethamine, AKT inhibitor VIII, Imatinib, Cyclopamine, Embelin, Vinorelbine, NSC-87877, GNF-2, and PHA-665752, while patients with low-risk scores were more sensitive to CMK, Z-LLNle-CHO, WZ-1-84, Saracatinib, Dasatinib, JW-7-52-1, WH-4-023, BMS-509744, CGP-60474, TAE684, Paclitaxel, Parthenolide, and XMD8-85. Our findings might offer new ideas for HCC management and guide the clinical personalized therapeutic strategies.
However, there are several limitations to this study. Firstly, the expression profiles of patients with HCC were retrieved from public databases including TCGA, HCCDB, and GEO. Therefore, the reliability of this signature needs to be validated by further prospective studies with a larger sample size. Additionally, functional experiments should be conducted to investigate the detailed mechanism of seven UPS-related genes. Further, the reliability of this prognostic signature should be iteratively improved with long-term clinical use.
CONCLUSION
In summary, we identified seven UPS-based signatures that can accurately predict the clinical outcome and drug sensitivity of patients with HCC. Meanwhile, the UPS-based signatures might reveal the underlying mechanism of hepatocarcinogenesis and provide basic evidence for personalized therapies for patients with HCC.
MATERIAL AND METHODS
Datasets
Gene expression profiles and survival data of patients with HCC were downloaded from The Cancer Genome Atlas (TCGA) database (Tumor, n = 365, Normal, n = 50) and Hepatocellular Carcinoma Database (HCCDB) (Tumor, n = 212) (Lian et al., 2018). Gene expression profiles of 242 HCC samples in GSE14520 and 115 HCC samples in GSE14520 were downloaded from the Gene-Expression Omnibus (GEO) database. Additionally, a total of 804 UPS-related gene datasets were collected according to a previous study (Wang et al., 2021).
Differentially expressed genes analyses
To screen the differentially expressed UPS (DEUPS) between HCC samples and adjacent normal samples, the “limma” package (Ritchie et al., 2015) in R software was used. Genes with fold change (FC) > 1.5 or <0.67, and false discovery rate (FDR) < 0.05 were considered differentially expressed. Furthermore, univariate Cox regression analyses were employed using the “survival” package (Therneau and Lumley, 2015) to identify prognosis-associated genes.
Functional enrichment analyses
Gene Ontology (GO) and KEGG enrichment analyses were conducted using the “WebGestaltR” package (Liao et al., 2019). The GO functional enrichment included cellular component (CC), molecular function (MF), and biological process (BP) categories. Candidates with FDR <0.05 were considered as having significantly enriched pathways.
Construction and validation of UPS-based prognostic model
To identify key UPS-related genes for prognostic model construction, the LASSO regression analyses were performed using the “glmnet” package (Hastie et al., 2021). Subsequently, we performed stepwise multivariate regression analyses with stepwise Akaike information criterion (stepAIC) to determine key prognostic genes.
The risk score of individuals in the TCGA cohort was calculated as the following formula: RiskScore = 0.398*ATG10 + 0.193*FBXL7+0.282*IPP + 0.191*MEX3A-0.415*SOCS2 + 0.096*TRIM54 + 0.563*PSMD9. “timeROC” package was used for receiver operating characteristic (ROC) analyses (Blanche, 2015). Areas under the ROC curve (AUCs) for 1-year, 3-year, and 5-year OS were evaluated. After standardization, patients in the TCGA cohort were grouped into high-risk (z score >0) and low-risk (z score <0). To validate the robustness of the risk model, the seven UPS-based signature was evaluated in the HCCDB18, GSE14520, and GSE76427 cohorts.
Pathway enrichment analyses
To evaluate the underlying regulatory pathways of the risk model, we downloaded KEGG-related datasets from the Gene Set Enrichment Analyses (GSEA) website and scored them using the “GSVA” package (Hänzelmann et al., 2013). Correlation analyses of risk scores and pathway scores were performed using the “Hmisc” package (Harrell Jr and Harrell Jr, 2019). Significant differential pathways were selected based on |cor| > 0.4 and p < 0.05.
Immune characteristics analyses
Furthermore, the immune score was calculated in the TCGA cohort using the ESTIMATE algorithm, and the scores of 28 immune cells from published research (Charoentong et al., 2017) were calculated using the ssGSEA method. The relationship between risk score and 12 immune cells was determined by Spearman correlation analyses.
Drug sensitivity evaluation of risk groups
The half-maximal inhibitory concentration (IC50) was analyzed using the “pRRophetic” package to evaluate the anti-neoplastic drug sensitivity of patients with HCC in different risk groups (Geeleher et al., 2014). Correlation analyses between the risk score and estimated IC50 were conducted and candidates with |cor| > 0.4 were selected as having significantly correlated pathways.
Construction of the nomogram
Univariate and multivariate Cox regression analyses were performed to evaluate the predictive efficiency of the risk model. Thereafter, a calibration curve was generated to quantify the prediction accuracy of the nomogram. Decision curve analyses (DCA) were further utilized to assess the reliability of the nomogram.
Statistical analyses
All the statistical analyses were completed by the R program (Version 4.0.2). The Wilcoxon rank-sum test and the Student’s t-test were used to compare the two groups. The Kaplan-Meier method and the log-rank test were used to compare the survival probability. p < 0.05 was considered as a statistical significance.
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Background

Hepatocellular carcinoma (HCC) is a global health burden with poor prognosis. Anoikis, a novel programmed cell death, has a close interaction with metastasis and progression of cancer. In this study, we aimed to construct a novel bioinformatics model for evaluating the prognosis of HCC based on anoikis-related gene signatures as well as exploring the potential mechanisms.



Materials and methods

We downloaded the RNA expression profiles and clinical data of liver hepatocellular carcinoma from TCGA database, ICGC database and GEO database. DEG analysis was performed using TCGA and verified in the GEO database. The anoikis-related risk score was developed via univariate Cox regression, LASSO Cox regression and multivariate Cox regression, which was then used to categorize patients into high- and low-risk groups. Then GO and KEGG enrichment analyses were performed to investigate the function between the two groups. CIBERSORT was used for determining the fractions of 22 immune cell types, while the ssGSEA analyses was used to estimate the differential immune cell infiltrations and related pathways. The “pRRophetic” R package was applied to predict the sensitivity of administering chemotherapeutic and targeted drugs.



Results

A total of 49 anoikis-related DEGs in HCC were detected and 3 genes (EZH2, KIF18A and NQO1) were selected out to build a prognostic model. Furthermore, GO and KEGG functional enrichment analyses indicated that the difference in overall survival between risk groups was closely related to cell cycle pathway. Notably, further analyses found the frequency of tumor mutations, immune infiltration level and expression of immune checkpoints were significantly different between the two risk groups, and the results of the immunotherapy cohort showed that patients in the high-risk group have a better immune response. Additionally, the high-risk group was found to have higher sensitivity to 5-fluorouracil, doxorubicin and gemcitabine.



Conclusion

The novel signature of 3 anoikis-related genes (EZH2, KIF18A and NQO1) can predict the prognosis of patients with HCC, and provide a revealing insight into personalized treatments in HCC.
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Introduction

Hepatocellular carcinoma (HCC), the most prevalent type of liver cancer, is the fourth leading causes of cancer-related death in the world (1). Owing to untypical early symptoms and highly heterogeneous nature, most HCC patients are diagnosed at later stage and lose the opportunity for radical surgery (2). Despite new treatment methods for HCC, such as radiofrequency ablation (RFA), transcatheter arterial chemoembolization (TACE), tyrosine kinase inhibitors (TKIs) and immunotherapy, the prognosis of advanced HCC still remains poor (3). Alarmingly, globally HCC mortality is expected to go up steeply to 41% by 2040 (4). As far, stage-based clinical practice is insufficient for the demands of precision medicine, it is indispensable to identify novel prognostic models for HCC and assist the doctors to choose suitable targets for personalized therapy.

Metastasis is the major cause of death from HCC. Notably, anoikis, a specific form of cell apoptosis, was first described in epithelial and endothelial cells and was found to play a vital role in cancer invasion and metastasis (5, 6). It occurs when cells lose attachment to extracellular matrix (ECM), or adhere to an inappropriate type of ECM, acting as physiological barrier to metastasis (7). Anoikis-resistance is a critical culprit in the metastasis and progression of cancer. In the past decade, we have observed an increasing research progression in the area of tumor anoikis-resistance. Ye et al. found that nuclear MYH9 conferred anoikis resistance to gastric cancer cells and promoted gastric cancer cell metastasis by identifying the CTNNB1 promoter (8). And Wang et al. revealed that CPT1A-mediated fatty acid oxidation could promote colorectal cancer cell metastasis by inhibiting anoikis (9). In addition, a study from UK showed that overexpression of ERBB4 would promote resistance to anoikis and confer enhanced metastatic capacity in Ewing sarcoma (10).

Delineation of novel factors that mitigate anoikis-resistance will open a new avenue for designing therapeutic alternative to trigger cancer cell death and extended survival time. Of note, prognostic model based on the genes related to anoikis had already been established in endometrial carcinoma, glioblastoma and head and neck squamous cell carcinoma, which all displayed excellent predictive ability (11–13). However, few studies have systematically evaluated the link between the anoikis-related genes and the prognosis of HCC patients. Hence, we analyzed the signature of the anoikis-related genes in HCC by using TCGA and ICGC database and constructed a novel prognostic model, and further elucidated the biological functions and immunity-related to the model.



Materials and methods




Data acquisition

Gene expression data and corresponding clinical information for patients with liver hepatocellular carcinoma (LIHC) were downloaded from The Cancer Genome Atlas (TCGA) database and The International Cancer Genome Consortium (ICGC) database. The TCGA-LIHC data were used as the training cohort, while those from ICGC were served as the external validation cohorts. Samples with follow-up less than 30 days in TCGA-LIHC data were excluded in this study. In total, 342 patients with HCC were enrolled in the training cohort and 243 patients in the external validation cohort. Transcriptome data were normalized based on the Fragments Per Kilobase of exon model per Million mapped fragments (FPKM). Another set of RNA sequencing data including 268 HCC tumor samples and 243 adjacent non-tumor samples were obtained from Gene Expression Omnibus (GEO) data portal (GSE25097). Similarly, the RNA-seq expression data and corresponding clinical information were also downloaded from the GEO data portal (GSE14520) for additional external validation.




Identification of anoikis-related DEGs

The anoikis-related genes (ARGs) were extracted from GeneCards (14), and a total of 496 genes were selected with a relevance score >0.4. The “DESeq2” R package was utilized to screen differentially expressed genes (DEGs) (|log2(fold change)| >1 & adjusted p value <0.05) between tumor tissue and tumor adjacent tissue in TCGA count data (15). Then GEO2R was utilized to screen DEGs (|log2(fold change)| >1 & adjusted p-value <0.05) in GSE25097 (16).




Functional exploration of DEGs

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were conducted using the “clusterProfiler” R package to further observe the pathways and functions of anoikis-related genes (17).




Establishment and validation of risk score model

The univariate Cox regression analysis was used to screen ARGs and genes with a P value<0.05 were considered statistically significant. Then the Least absolute shrinkage and selection operator (LASSO) Cox regression was performed by using the “glmnet” R package to prevent overfitting and construct a gene signature (18). Finally, the multivariate Cox regression analysis was performed to identify strongly correlated genes and build the prognostic gene signature. The risk scores were calculated using the following equation: risk score=∑gene Cox coefficient × gene expression. The median value of risk score was utilized to divide the patients into the high-risk and low-risk group. To evaluate the predictive sensitivity of the model, the Kaplan–Meier (KM) survival curve and the time-dependent receiver operating characteristic (ROC) curves were drawn via the “Survival ROC” R package.




Nomogram construction

All independent prognostic factors were used to construct a prognostic nomogram by the “rms” and “survival” R package. The 1-, 2-, 3-, 5-, and 10-year survival probability for patients with HCC could exactly be predicted by total points, sum points of every factor. Calibrate curves and C-Index values were plotted to estimate the reliability of the survival prediction.




Functional enrichment analysis

In the low-risk and high-risk groups, DEGs (|log2(fold change)| >1.5 and adjusted p value <0.05) were screened using the “limma” R package. Then, Gene set enrichment analysis (GSEA) was performed via the “clusterProfiler” R package to explore signaling pathways (19). Subsequently, the protein-protein interaction (PPI) network for the overlapping DEGs was performed in the STRING database (https://string-db.org/). PPI network interactions file with medium confidence scores ≥ 0.4 was downloaded. We used the open-source software Cytoscape (v 3.9.1) to build PPI network view and to screen out hub genes in the DEGs. According to the median value of hub genes’ expression, HCC patients in the TCGA and ICGC were categorized into low- and high- group to further explore prognosis relevance.




Immune infiltrate analysis

The ESTIMATE (Estimation of STromal and Immune cells in Malignant Tumour tissues using Expression data) algorithm was performed to calculate the stromal score, immune score, tumor purity and ESTIMATE score between high-risk and low-risk groups (20). Immune score and stromal score were employed to assess the immune cell infiltration and the presence of stroma in the TME, and the sum of the stromal and immune scores was evaluated by ESTIMATE score. The cell-type identification by estimating relative subsets of RNA transcripts (CIBERSORT) analysis was used to evaluate the relative abundance of 22 immune cell types between them (21). The statistical significance of the deconvolution results was assessed to filter out the samples with less significant accuracy by a derived P-value (P < 0.05). And the infiltrating scores of 16 immune cells and 13 immune-related pathways were calculated by applying the single-sample gene set enrichment analysis (ssGSEA) method from the “GSVA” R package (22). The “c2.cp.kegg.v7.4.symbols” files were downloaded from the MSigDB database for GSVA analysis. Moreover, Pearson correlation analysis was utilized to explore the association between risk score and the expression of the immune checkpoint genes, such as PD-1, PD-L1 and CTLA-4. P value < 0.05 was considered statistically significant.




Drug sensitivity analysis

The “pRRophetic” R package was used to calculate the half-maximal inhibitory concentration (IC50) values of chemotherapeutic and targeted drugs for each HCC sample (23). Moreover, transcriptome data and clinical data of the IMvigor210 immunotherapy cohort (bladder cancer) were obtained using the “IMvigor210CoreBiologies” R package.




Mutation analysis

We downloaded the mutation data of TCGA-LIHC patients from TCGA database. The “maftools” R package was used to assess the mutation profile between the low-risk and high-risk group (24). We also calculated the tumor mutation burden (TMB) score for every HCC patient (25).




TISCH2

TISCH2 (Tumor Immune Single-cell Hub 2) is a scRNA-seq database (http://tisch.comp-genomics.org/), which aims to characterize tumor microenvironment (TME) at single-cell resolution (26). In this study, we used TISCH2 database to decipher expression of the 3 anoikis-related genes in TME of hepatocellular carcinoma.




Statistical analysis

DEGs were screened using the Wilcoxon test. Box plot analyses were performed using the Wilcoxon rank-sum test. We used the K-M curve to do univariate survival analyses, with comparison by log-rank test. P value < 0.05 was defined as statistically significant. Statistical analyses were done by R version 4.2.1 (R Foundation for Statistical Computing, Vienna, Austria).




Results

Totals of 342 and 243 patients with HCC from TCGA and ICGC data were selected as the training and external validation group, respectively. The flowchart of the study is shown in Figure 1.




Figure 1 | Flow chart of the study.






Determination of anoikis-related DEGs

A total of 9423 DEGs were collected after analysis of the gene expression data of HCC samples and corresponding control tissues in TCGA cohort. Then these DEGs were intersected with the anoikis-related gene set to get 122 ARGs in TCGA (Figure 2A). Next, the ARGs in TCGA were verified with the DEGs in GSE25097. Finally, 49 DEGs related to anoikis were determined for further analysis (Figure 2B).




Figure 2 | Anoikis-related gene screening and functional analysis. (A) Anoikis-related DEGs in TCGA. (B) Further validation in GSE25097. (C) GO enrichment analysis of 49 anoikis-related DEGs in HCC. (D) KEGG pathways analysis of 49 anoikis-related DEGs in HCC.






Functional analysis of anoikis-related genes in HCC

According to the results of GO functional analysis, we found that the most highly enriched biological processes of 49 ARGs were regulation of apoptotic signaling pathway, mitotic cell cycle phase transition and epithelial cell proliferation (Figure 2C). KEGG pathway analysis showed that the microRNAs in cancer, PI3K-Akt signaling pathway and cell cycle were mainly enriched (Figure 2D). These findings indicated the potential molecular mechanisms involved in the regulation of HCC progression by anoikis-related DEGs.




Construction and validation of anoikis-related prognosis signature

We performed a univariate Cox regression and found that 23 of DEGs have potential prognostic significance (P<0.05). Then, a LASSO logistic regression analyses was conducted to further screen 4 key anoikis-related prognostic genes (Figures 3A, B). 3 genes (EZH2, KIF18A, NQO1) were finally identified by multivariate Cox regression to build a prognostic model as follows: risk score= (EZH2 × 0.141741668) + (KIF18A × 0.190725435) + (NQO1 × 0.001887712). Subsequently, 342 patients from TCGA-LIHC were divided into low- and high-risk group according to the median value of risk score. PCA analysis showed that the two groups could be well-distinguished by the ARGs (Figure 3G). Then the K-M curve showed that the high-risk group had worse clinical outcome than that of low-risk group (HR=2.30, 95% CI =1.59-3.34) (Figure 3C). The area under the time-dependent ROC curves (AUCs) for 1‐, 2‐ and 3‐year were 0.785, 0.725, 0.674, respectively, demonstrating a favorable prediction performance of the prognostic model (Figure 3E). To ensure the prediction value of the identified anoikis-related prognosis signature, 171 HCC patients were randomly selected from the TCGA-LIHC cohort as the testing set. Similar to the results obtained from the training set, the constructed model exhibited great performance for OS prediction (Supplementary Figures S1A-C-E).




Figure 3 | Evaluation and validation of 3-gene signature in TCGA cohort and ICGC cohort. (A) LASSO coefficient profiles of 23 prognostic genes of HCC. (B) LASSO regression with tenfold cross-validation found 4 prognostic genes using the minimum λ. (C) Kaplan–Meier curves for OS in TCGA cohort. (D) Kaplan–Meier curves for OS in ICGC cohort. (E) Time-dependent ROC curves for OS in TCGA cohort. (F) Time-dependent ROC curves for OS in ICGC cohort. (G) PCA plot of risk score in TCGA cohort. (H) PCA plot of risk score in ICGC cohort.



We also validated the prediction performance of gene signature in independent external validation set. According to the same formula, 243 patients with HCC from ICGC data were used to verify this prognostic model. As the same results in TCGA, K-M curve revealed that the patients in the high-risk group had a significantly worse OS than their low-risk counterparts (HR=4.74, 95% CI =2.27-9.90) (Figure 3D). PCA analysis further confirmed two remarkably different risk groups (Figure 3H). And the 1-, 2- and 3-year AUCs of the training group were 0.750, 0.689, 0.732, respectively (Figure 3F), which indicated the predictive reliability of model in both training and validation group. Consistent with the results in the TCGA training cohort and the ICGC external validation group, we observed similar trends in another external validation group GSE14520 (Supplementary Figures S1B–F). Moreover, we plotted heatmaps of expression difference in the 3 independent prognostic genes and displayed the impact of risk scores on risk ranking, survival time and survival status in TCGA training group and ICGC external validation group (Supplementary Figure S2). Meanwhile, we explored the protein expression of the 3 genes in the Human Protein Atlas and found them all strongly stained in HCC specimens compared with normal liver specimens (Supplementary Figure S3). The results further verified that the signature had significant prognostic value for HCC patients.




Creating predictive nomograms

To expand the application of the prognostic model, individualized nomograms were constructed. In the training group, gender, stage and risk score were selected in the final model (Figure 4A). In the validation group, gender, stage, prior malignancy and risk score were chosen in the final model (Figure 4B). The C‐index values for prediction model were 0.715, 0.795 in the training group and validation group, respectively (Figure 4E). The nomograms displayed excellent predictive ability for OS for HCC patients. Moreover, the calibration curve showed good uniformity in both training and validation model, indicating an appropriate predictive accuracy (Figures 4C, D).




Figure 4 | Development and validation of the predictive nomogram. (A, B) The nomogram construction based on the TCGA cohort and ICGC cohort. (C, D) The Calibration plot of the nomogram in training and validation groups. (E) C-index values of the nomogram.






Functional analysis

To investigate biological process between the two risk groups, we obtained the DEGs via the “limma” R package from both training and validation group. Then we intersected them and finally obtained 229 overlapping DEGs (Figure 5C). Primary information of 229 DEGs was summarized in Supplementary Table 1. The GO function enrichment analyses showed that the DEGs were mainly associated with nuclear division, mitotic nuclear division and chromosome segregation (Figure 5A). The KEGG enrichment analyses revealed that the DEGs were enriched in cell cycle, oocyte meiosis and cellular senescence (Figure 5B). GSEA analyses showed that cell cycle signaling pathway was enriched in the high-risk group, while PPAR signaling pathway was enriched in the low-risk group (Figures 5D–G). The results may help to explain why high-risk group had worse overall survival.




Figure 5 | Functional analysis based on the DEGs between the two-risk groups in the TCGA and ICGC cohort. (A) Barplot graph for GO enrichment (the longer bar means the more genes enriched, and the increasing depth of red means the differences were more obvious; q-value: the adjusted p value). (B) Bubble graph for KEGG pathways. The larger bubble means the more genes enriched, and the increasing depth of red means the differences were more obvious. q-value, the adjusted p value. (C) PPI network of 229 DEGs. (D–G) Two representative Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways via GSEA in TCGA cohort (D, E), ICGC cohort (F, G).






Exploration of TIME

To explore the correlation of anoikis-related gene signature with immunotherapy, we next performed ESTIMATE algorithm to compare the difference in tumor immune microenvironment (TIME) between two groups. The results displayed that the stromal score tended to decrease in the high-risk group although not significant in the ICGC validation cohort (Figures 6A, B). By GSVA analysis, we found that the expression of KEGG immune pathways linked with complement and coagulation cascades was lower, while the expression of IL−17 signaling pathway was higher in that high-risk group compared with the low-risk group (Supplementary Figure S1G). Regarding 22 types of TIICs in HCC from the CIBERSORT algorithm, we observed significantly higher proportions of M0 macrophages and lower proportions of T cells CD4 memory resting in the high-risk group (Figures 6C, D). Besides, the results of ssGSEA algorithm showed the high-risk group gained lower ssGSEA score in the immune pathways, including the type I IFN response and type II IFN response (Figures 6E–H). These data indicated that high-risk group may contribute to tumor immune dysfunction in HCC. As for Pearson correlation analysis of immune checkpoints, the heat map showed that the expression of immune checkpoints, especially CD47, was found to have a positive correlation with risk score (Figures 6I, J). In short, these results suggested that the anoikis-related gene signatures might affect the efficacy of immunotherapy in HCC patients.




Figure 6 | Evaluation of tumor microenvironment and immune checkpoints of anoikis-related prognostic signature. (A, B) Comparison between the estimate score, immune score, stromal score, and tumor purity based on risk groups in TCGA cohort (A) and ICGC cohort (B). (C, D) Comparison between the subtypes of immune cells based on risk groups in TCGA cohort (C) and ICGC cohort (D). (E, F) Immune cell infiltration analysis based on risk groups in TCGA cohort (E) and ICGC cohort (F). (G, H) Immune-related pathways infiltration analysis based on risk groups in TCGA cohort (G) and ICGC cohort (H). (I, J) The correlations between the risk score and the expression of the immune checkpoint genes in TCGA cohort (I) and ICGC cohort (J). *p < 0.05; **p < 0.01; ***p < 0.001; ns, not significant.






Evaluation efficacy of cancer therapeutic agents in different risk groups

To assess the therapeutic efficacy of chemotherapeutic and targeted drugs for HCC in low-risk and high-risk group, we used the “pRRophetic” R package to calculate the half inhibitory concentration (IC50) of six commonly used drugs (5-fluorouracil, cisplatin, doxorubicin, gemcitabine, gefitinib, and sorafenib) for treating HCC (Figure 7). The analysis showed that sorafenib had a high drug response to the low-risk group (Figure 7F). In contrast, 5-fluorouracil, doxorubicin and gemcitabine were observed to present a significant response to high-risk group (Figures 7A–C). Moreover, to verify whether the prognostic model we built could effectively predict the efficacy of immunotherapy, we applied the IMvigor210 database as an external anti-PD-L1 cohort. We discovered that patients in complete response/partial response (CR/PR) group had higher risk scores compared with those in stable disease/progressive disease (SD/PD) group (Figure 7G). And the ROC curve depicted that the risk score model displayed a great predictive effect to ICIs response (Figure 7I). These findings demonstrated that grouping based on the ARGs could promote individualized therapy for HCC patients, and patients in the high-risk group may be more likely to benefit from immunotherapy.




Figure 7 | Evaluation of chemosensitivity and immunotherapeutic responses to PD-L1 by the risk model. (A–F) Therapeutic efficacy of 5-Fluorouracil (A), Gemcitabine (B), Doxorubicin (C), Cisplatin (D), Gefitinib (E), and Sorafenib (F) in different risk groups. (G) The comparison of risk score between SD/PD and CR/PR two groups in IMvigor210 cohort. (H) Kaplan–Meier curves for OS in IMvigor210 cohort. (I) ROC curves of risk score in predicting the immunotherapy response.






The relationship between anoikis-related gene signature and mutation profile in HCC

To assess whether the mutation profile differed between the high-risk and low-risk group, the somatic mutation data of 333 HCC patients from TCGA was used for analysis. We exhibited the top 30 mutated genes in two risk groups, the gene with the highest mutation frequency is TP53 (46%) in the high-risk group and that in the low-risk group is CTNNB1 (33%) (Figures 8A, B). Besides, more mutations were discovered in patients in the high-risk group compared with those in the low-risk group. As shown in Figure 8C, there was no significant correlation between riskScore and TMB (r=0.13, p=0.015). For further comparative studies, the high-risk group was divided into the high-risk&Low-TMB subgroup and high-risk&high-TMB subgroup based on the median value of TMB. Subsequently, the K-M curve showed that the high-risk group exhibited significant prognostic difference in the high and the low TMB value subgroups (P=0.018, Figure 8D). These findings might contribute novel insight into the intrinsic connection between the individual somatic mutations and the anoikis-related gene signature.




Figure 8 | The mutation profile and TMB among low-risk and high-risk groups. (A) Mutation profile in the high-risk group. (B) Mutation profile in the low-risk group. (C) The relationship between the anoikis-related risk signature and TMB. (D) Kaplan–Meier curves for HCC patients stratified by TMB in high-risk group. (E) PPI network construction and top ten hub genes screening.






PPI network construction and hub genes screening

The STRING database was utilized to construct an interaction network between proteins encoded by the 229 DEGs (Figure 8E). ANLN, NDC80, AFP, ESR1, CA9, UCHL1, CYP3A4, CDK1, SFN, AURKB were identified as the top 10 hub genes. Detailed information on 10 genes was listed in Supplementary Table 2. Depending on the median expression of the 10 genes, patients were grouped into low- and high-expression groups to further explore the differences in survival. The K-M curve analysis showed that high-expression groups of ANLN, AURKB, CDK1, NDC80 were consistent with shorter OS, while CYP3A4 and ESR1 demonstrated opposite results (Supplementary Figures S4A–L). To further investigate whether these 6 hub genes were clinically independent prognostic factors, we performed multivariate COX regression and found that ANLN was an independent prognostic gene in both training and validation cohorts (Supplementary Figures S4M, N). Subsequently Pearson correlation analysis showed ANLN exhibited a significantly positive correlation with the expression of the immune checkpoint gene CD47 (Supplementary Figure S5C). Additionally, from the GSCALite website (http://bioinfo.life.hust.edu.cn/web/GSCALite/), we found that patients with high expression of ANLN were less likely to benefit from multiple drugs, such as 5-FU and Methotrexate (Supplementary Figure S5A).




Correlation between the three anoikis-related genes and the tumor microenvironment of HCC

We evaluated the expression of the three anoikis-related genes (NQO1, KIF18A, EZH2) in the four single-cell sequencing HCC datasets of GSE146115, GSE166635, GSE98638, GSE140228 datasets from TISCH2 database. The distribution and number of various cell types of the HCC datasets were visualized in Figures 9A–P. The results showed NQO1 was mainly expressed in malignant cells (Figure 9Q), while KIF18A and EZH2 were highly expressed in Tprolif cells (Figures 9R, S).




Figure 9 | Expression of 3 anoikis-related genes in LIHC TME-associated cells. (A, C) The cell types and their distribution in LIHC_GSE146115 and LIHC_GSE166635 datasets. (B, D) Distribution of NQO1 in different cells in LIHC_GSE146115 and LIHC_GSE166635 datasets. (E, G, I) The cell types and their distribution in LIHC_GSE146115, LIHC_GSE98638 and LIHC_GSE140228 datasets. (F, H, J) Distribution of KIF18A in different cells in LIHC_GSE146115, LIHC_GSE98638 and LIHC_GSE140228 datasets. (K, M, O) The cell types and their distribution in LIHC GSE98638, LIHC_GSE140228 and LIHC_GSE146115 datasets. (L, N, P) Distribution of EZH2 in different cells in LIHC GSE98638, LIHC_GSE140228 and LIHC_GSE146115 datasets. (Q) Expressions of NQO1 in LIHC_GSE146115 and LIHC_GSE166635 datasets. (R) Expressions of KIF18A in LIHC_GSE146115, LIHC_GSE98638 and LIHC_GSE140228 datasets. (S) Expressions of EZH2 in LIHC GSE98638, LIHC_GSE140228 and LIHC_GSE146115 datasets.






Discussion

HCC is one of the most lethal malignant tumors, with a 5-year survival rate of just 3% (27). Due to the high levels of intratumoral heterogeneity in HCC, effective treatment modalities are still scarce. The incidence and mortality rates of HCC nearly mirror each other. The incidence rate in Eastern Asia of HCC is 17.7 per 100,000 persons, whereas the corresponding mortality rate was 16.0 (28). Therefore, it is still necessary to find biomarkers for predicting prognosis and evaluating therapeutic response to optimize clinical decision-making for HCC patients.

Anoikis is a type of programmed cell death, which is activated when cells are detached from extracellular matrix (ECM) (29). Cancer cells must develop anoikis resistance before forming metastatic foci in distant organs. Also, anoikis tolerance is responsible for the treatment failure of several types of cancer. Therefore, there is an urgent need to explore the anoikis-related genes on invasive mobility and their role in predicting the prognosis of cancer. Along with the rapid development of various types of sequencing technologies, bioinformatics analysis has become an important tool for the research of molecular mechanism in cancer (30, 31). Zhao et al. constructed a 7 anoikis-related genes signature to predict the survival of Low-grade glioma (LGG) patients (32), Chen et al. identified 5 prognostic anoikis-related genes (CHEK2, PDK4, ZNF304, SNAI2, SRC) to establish a risk-predictive model for clear cell renal cell carcinoma (33), which all exhibited great predictive performance and implemented as a stratification factor for individualized treatment. Moreover, Sun et al. also revealed the potential relationships between anoikis-related genes and glioblastoma (13). Similarly, anoikis also plays a critical role in HCC metastasis. Therefore, the anoikis-related model may also be utilized to predict the prognosis of HCC patients. To our best knowledge, limited research has been conducted on the establishment of prognostic model using anoikis-related gene in HCC.

In our study, we proposed robust 3-gene signature, namely EZH2, KIF18A and NQO1. EZH2 plays a vital role in cell cycle progression (34), DNA damage repair and cellular senescence (35), and regulates relative signaling pathways in cell lineage determination (36). A study from Greece found EZH2 is regulated by ERK/AKT and targets integrin alpha2 gene to control epithelial–mesenchymal transition (EMT) and anoikis in colon cancer cells (37). Recently, Lei et al. demonstrated that circSYPL1 promotes the proliferation and metastasis of HCC via the upregulation of EZH2 expression by competing with hsa-miR-506-3p (38). As for KIF18A, it is a member of the kinesin superfamily and works as a master regulator of chromosome aggregation and centromere movements. In a previous study, KIF18A has been identified as a potential therapeutic target for human breast cancer (39). Luo et al. also suggested that KIF18A may promote proliferation, invasion and metastasis of HCC cells by promoting the cell cycle signaling pathway, the Akt signaling pathway and the MMP-7/MMP-9-related signaling pathways (40). NQO1 is a gene that encodes a cytoplasmic 2-electron reductase. Researchers have found that NQO1 is associated with aging and early pathological changes in Alzheimer’s disease (AD) (41, 42). Moreover, Shimokawa et al. reported that modulation of NQO1 activity could intercept anoikis resistance and suppresses HCC metastasis (43), while Yang et al. drew a conclusion that NQO1 could promote an aggressive phenotype in hepatocellular carcinoma via enhancing ERK-NRF2 signaling (44). From our work, after analysis of 4 HCC scRNA-seq datasets, we found that two of the 3-gene signature, KIF18A and EZH2 had correlation coefficient with Tprolif cells, which indicated KIF18A/EZH2/Tprolif cells axis might be a pathway in initiation and progression of HCC. And NQO1 was mainly expressed in malignant cells. In summary, these three genes play a vital role in anoikis and are closely related to the prognosis of HCC.

Moreover, we established a nomogram for clinical-decision support. Nomogram, a visual statistical tool, was wildly used in prognostic prediction of cancer patients (45). In the current study, combining the 3-anoikis gene signature, gender, prior malignancy and TNM stage, a prognosis nomogram with excellent performance was constructed. The C-index of the nomograms constructed based on TCGA and ICGC database were 0.715, 0.795, respectively. Since these independent prognostic factors included in nomogram construction are easy to obtain from the clinical practice, the nomogram may be used routinely in the future.

Immunotherapy has attracted worldwide attention for its anti-cancer activity (46). In the past decade, the immunotherapeutics targeting PD-1/PD-L1 and CTLA-4 has achieved gratifying results on HCC patients (47, 48). However, only a limited number of HCC patients benefited from it, the efficacy of immunotherapy is affected by many factors specific to the individual, such as the unique TIME, the expression of the immune checkpoint genes and the related gene mutation levels. Tumor immune microenvironment (TME) has a significant impact on tumor progression process and therapy response, so that many researchers would conduct immune cell infiltration and TME analysis of tumors of their interest (49–51). In our work, with the application of CIBERSORT algorithm and ssGSEA approach, we found that macrophage M0 infiltration was greater in the high-risk group, while T cells CD4 memory resting was less infiltration. And the high-risk group had decreased infiltration in the immune pathways, including the type I IFN response and type II IFN response. These findings suggested that the higher immunosuppression and lower immunoreactivity in TME may account for the worse prognosis for high-risk patients with HCC. Moreover, we found that the expression of the majority of immune checkpoint genes was positively correlated with the risk score. Taken together, these results suggested that the anoikis-related gene signatures might affect the efficacy of immunotherapy in HCC patients and the model could be identified as an immunotherapy indicator.

To further establish the relationship between the anoikis-related model and ICI therapy, we included 348 patients with urothelial cancer from IMvigor210 cohort for further analysis. We observed that there was statistically significant difference in the overall survival between high-risk and low-risk groups. As well, patients in complete response/partial response (CR/PR) group had higher risk scores than those in stable disease/progressive disease (SD/PD) group. Moreover, given that chemotherapy is still the gold standard for cancer treatment, we also evaluated the effectiveness of the anoikis-related model in distinguishing chemotherapy outcomes. In our study, we found the high-risk group had high sensitivity to 5-fluorouracil, doxorubicin and gemcitabine, while the low-risk group was more sensitive to sorafenib. The above results verified the anoikis-related model may aid in the development of individualized treatment of HCC patients.

Needless to say, the study still has some limitations. First, the study relied solely on publicly available datasets, which might bring selection bias, the real-world prospective cohort studies would be needed to validate the results. Second, due to the shortage of public data on HCC patients receiving anti-PD-L1 antibody, we used the IMvigor210 cohort (bladder cancer) as external immunotherapy cohort. Meanwhile, the underlying mechanisms of ARGs needed further experimental verification.

In conclusion, our study constructed a novel anoikis-related 3-gene signature (EZH2, KIF18A and NQO1), which exhibited favorable prediction performance. We also assessed the differences in immunotherapy response and chemotherapeutic drug sensitivity between the two risk groups, thereby providing a new insight for clinical treatment.
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Supplementary Figure 1 | The risk model performance. (A) Kaplan–Meier curves for OS in TCGA testing cohort. (B) Kaplan–Meier curves for OS in GSE14520 cohort. (C) Time-dependent ROC curves for OS in TCGA testing cohort. (D) Time-dependent ROC curves for OS in GSE14520 cohort. (E) PCA plot of risk score in TCGA testing cohort. (F) PCA plot of risk score in GSE14520 cohort. (G) Heatmap illustrating the result of GSVA.

Supplementary Figure 2 | Risk score distribution, survival status and heatmap of expression profiles in low- and high-risk groups.

Supplementary Figure 3 | Immunohistochemical images obtained from the Human Protein Atlas.

Supplementary Figure 4 | Survival analysis of 10 hub genes from 229 DEGs. (A–L) Kaplan–Meier curves of 6 hub genes in TCGA cohort (A–F), ICGC cohort (G–L). (M, N) Multivariate Cox regression analysis was carried out for the OS of 6 hub genes in TCGA cohort (M) and ICGC cohort (N).

Supplementary Figure 5 | Evaluation of chemosensitivity and the mutation level of hub genes from 229 DEGs.
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Background: Afatinib is an irreversible epidermal growth factor receptor tyrosine kinase inhibitor, and it plays a role in hepatocellular carcinoma (LIHC). This study aimed to screen a key gene associated with afatinib and identify its potential candidate drugs.
Methods: We screened afatinib-associated differential expressed genes based on transcriptomic data of LIHC patients from The Cancer Genome Atlas, Gene Expression Omnibus, and the Hepatocellular Carcinoma Database (HCCDB). By using the Genomics of Drug Sensitivity in Cancer 2 database, we determined candidate genes using analysis of the correlation between differential genes and half-maximal inhibitory concentration. Survival analysis of candidate genes was performed in the TCGA dataset and validated in HCCDB18 and GSE14520 datasets. Immune characteristic analysis identified a key gene, and we found potential candidate drugs using CellMiner. We also evaluated the correlation between the expression of ADH1B and its methylation level. Furthermore, Western blot analysis was performed to validate the expression of ADH1B in normal hepatocytes LO2 and LIHC cell line HepG2.
Results: We screened eight potential candidate genes (ASPM, CDK4, PTMA, TAT, ADH1B, ANXA10, OGDHL, and PON1) associated with afatinib. Patients with higher ASPM, CDK4, PTMA, and TAT exhibited poor prognosis, while those with lower ADH1B, ANXA10, OGDHL, and PON1 had unfavorable prognosis. Next, ADH1B was identified as a key gene negatively correlated with the immune score. The expression of ADH1B was distinctly downregulated in tumor tissues of pan-cancer. The expression of ADH1B was negatively correlated with ADH1B methylation. Small-molecule drugs panobinostat, oxaliplatin, ixabepilone, and seliciclib were significantly associated with ADH1B. The protein level of ADH1B was significantly downregulated in HepG2 cells compared with LO2 cells.
Conclusion: Our study provides ADH1B as a key afatinib-related gene, which is associated with the immune microenvironment and can be used to predict the prognosis of LIHC. It is also a potential target of candidate drugs, sharing a promising approach to the development of novel drugs for the treatment of LIHC.
Keywords: hepatocellular carcinoma, afatinib, ADH1B, CellMiner, small-molecule drugs, methylation
INTRODUCTION
Globally, liver cancer significantly increases the world’s cancer burden. Liver cancer ranks the sixth for incidence and the third for cancer-related death according to the Global Cancer Statistics 2020 (Sung et al., 2021). The most common histologic type of liver cancer is hepatocellular carcinoma (LIHC), and it is estimated that LIHC accounts for 75%–85% of all liver cancer cases in the world (Sung et al., 2021). Although non-viral risk factors including alcohol, metabolic syndrome, obesity, diabetes, and non-alcoholic fatty liver disease have had major impacts on the development of LIHC, hepatitis B virus (HBV) and hepatitis C virus (HCV) are still predominant viral causes of LIHC (McGlynn et al., 2021). Currently, first-line drugs such as sorafenib, lenvatinib, and nivolumab as well as second-line drugs including regorafenib and cabozantinib are commonly used systemic treatments for LIHC (Chen et al., 2020; Foerster and Galle, 2021). Unfortunately, most of the patients were insensitive to systemic treatments, and the 5-year overall survival of LIHC patients is approximately 19.6% and can even decline to 2.5% for advanced and metastatic patients (Chidambaranathan-Reghupaty et al., 2021). Therefore, it is essential to develop potential targets and effective candidate drugs for systemic treatments with the help of high-throughput sequencing technology at the molecular level to improve prognosis for patients with LIHC.
The epidermal growth factor receptor (EGFR), a transmembrane receptor tyrosine kinase, plays an important role in proliferation, differentiation, and survival and is involved in tumorigenesis, especially in lung cancer, breast cancer, and glioblastoma (Sun et al., 2018). Additionally, the tumor-promoting function of the activated EGFR in LIHC has been previously documented (Komposch and Sibilia, 2015). Meanwhile, the EGFR contributes to drug resistance in tumors (Jin et al., 2021). Afatinib is an FDA-approved irreversible blocker of the tyrosine kinase of the EGFR for treating advanced or metastatic non-small-cell lung cancer (NSCLC) (Wecker and Waller, 2018). It has been reported that afatinib inhibits epithelial–mesenchymal transition and tumorigenesis of LIHC cells via inactivation of extracellular signal-regulated kinase (ERK)-vascular endothelial growth factor (VEGF)/matrix metalloproteinase (MMP) 9 signaling (Chen et al., 2019). The combination of ethoxy-erianin phosphate and afatinib exerts synergistic effects on LIHC tumor growth and angiogenesis through VEGF/EGFR signaling (Chen et al., 2022). Moreover, a recent study demonstrated that the application of EGFR inhibitor WZ3146 and afatinib showed strong synergistic effects with cabozantinib on LIHC cells (Ma et al., 2022). These compelling pieces of evidence suggested that afatinib may have great potential as a treatment for LIHC. Thus, screening afatinib-associated genes may facilitate to mine potential targets and candidate drugs for LIHC patients.
In this study, we screened potential candidate genes of afatinib based on transcriptomic data of LIHC patients from The Cancer Genome Atlas (TCGA), GSE14520, the Hepatocellular Carcinoma Database (HCCDB), and the Genomics of Drug Sensitivity in Cancer (GDSC) 2 database. Through immune characteristics analysis, ADH1B was initially considered a key gene. Potential regulatory pathway analysis revealed the underlying mechanism of ADH1B in LIHC. We also found four potential small-molecule drugs significantly associated with ADH1B. Our study reveals ADH1B as a potential target for afatinib treatment and provides promising drugs targeting ADH1B.
MATERIALS AND METHODS
Data collection and pre-processing
We downloaded transcriptomic data and corresponding clinical information of LIHC patients from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/). The samples without survival time or survival status were eliminated from this study, keeping samples with survival time longer than 0 days. A total of 365 LIHC tissue samples and 50 para-carcinoma tissue samples were included.
We also downloaded GSE14520 from the Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) database. We converted the probe to a gene symbol. We removed normal tissues and eliminated samples without follow-up information or OS information, ensuring that all the samples had survival time greater than 0 days. A total of 242 LIHC tissue samples were collected.
From the Hepatocellular Carcinoma Database (HCCDB) (http://lifeome.net/database/hccdb/) (Lian et al., 2018), we acquired transcriptomic data and survival information of 212 LIHC tissue samples after removing normal tissues and those without follow-up information. Moreover, from the Genomics of Drug Sensitivity in Cancer 2 (GDSC2) database (https://www.cancerrxgene.org/) (Yang et al., 2012), we obtained afatinib treatment-related LIHC cell line expression profile data and half-maximal inhibitory concentration (IC50) information.
Screening of potential candidate genes of afatinib
Datasets from TCGA were used for identifying differentially expressed genes (DEGs). We used the “limma” package (Ritchie et al., 2015) to screen the differential genes between tumor and para-carcinoma tissue samples under the threshold of |log2(fold change)| > 1 and false discovery rate (FDR) < 0.05. Next, univariate Cox regression analysis was performed to screen genes using the “survival” package (Therneau and Lumley, 2015) in TCGA, HCCDB18, and GSE14520 datasets. Furthermore, the correlation between these genes and the IC50 value of afatinib was analyzed to screen candidate genes. We performed Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) functional enrichment analyses using the “clusterProfiler” R package (Yu et al., 2012) for the common DEGs. The top 10 enriched pathways were selected if the FDR <0.05.
Relationship of candidate genes with clinicopathological features and survival
Furthermore, we assessed the distribution of candidate genes in different clinicopathological features (T stage, stage, and grade) in the TCGA dataset. Differences were determined using the wilcox.test. The “survminer” package was used to determine the cutoff values of gene expression (). LIHC patients in the TCGA dataset were classified into the high-risk group and low-risk group, and Kaplan–Meier curves were generated for the two groups. The log-rank test was used to assess the significance of differences. Validation was performed in HCCDB18 and GSE14520 datasets.
Identification of the key gene based on immune abnormalities
The immune score was predicted using the ESTIMATE algorithm (Yoshihara et al., 2013) in the TCGA dataset, and Spearmen correlation analysis was conducted to evaluate the correlation between candidate genes and immune score. From previous research (Charoentong et al., 2017), we collected 28 immune cells, the scores of which were calculated using the CIBERSORT algorithm (Chen et al., 2018). Spearman correlation analysis was utilized to assess the relationship between immune cells and ADH1B.
Potential regulatory pathways of ADH1B
To study the potential function of ADH1B in the body, we used the “GSVA” package (Hänzelmann et al., 2013) to calculate the enrichment score of KEGG pathways. Significant pathways were selected based on the t.test. Next, enrichment analysis in the gene set of the HALLMARK database was performed using Gene Set Enrichment Analysis (GSEA). We collected 31 cell cycle progression (CCP)-related genes (Cuzick et al., 2011) and scored them using single-sample GSEA (ssGSEA). Additionally, we scored G1/S cell cycle, G2M checkpoint, and inflammation pathways from KEGG. Spearman correlation analysis was used to assess the relationship between ADH1B and pathways.
Performance of ADH1B in pan-cancer
To evaluate the expression of ADH1B in pan-cancer, we downloaded the gene expression of pan-cancer from TCGA and GTEx using SangerBox (http://vip.sangerbox.com) (Shen et al., 2022). The differences were compared using the wilcox.test between tumor samples and normal samples. Based on a previous study (Liu et al., 2018), we obtained the survival time and survival status of pan-cancer and analyzed the relationship between ADH1B and survival in each cancer type using the “survival” package.
Drug sensitivity analysis of ADH1B
Using CellMiner (https://discover.nci.nih.gov/cellminer/home.do), we screened the potential anticancer drugs in LIHC cells. Spearman analysis was performed to study the relationship between ADH1B and the sensitivity to small-molecule drugs. Under the p-value <0.05, potential drugs were selected to have significant correlation with ADH1B expression.
Correlation between ADH1B expression and its methylation
We downloaded methylated data (450K) from TCGA and filled in missing values through the KNN algorithm. After extracting the peak value of the ADH1B gene, all peaks for each sample were averaged. We analyzed the correlation between ADH1B gene expression and the methylation value of the ADH1B gene using Pearson correlation analysis.
Western blot analysis
LO2 and HepG2 were removed from the T25 culture flasks after 48 h of incubation. Proteins were separated by SDS-PAGE, and the separated proteins were subsequently transferred to PVDF (0.45) membranes. The membranes were first incubated with primary antibodies: ADH1B (17165-1-AP, Proteintech) and GADPH (60004-1-Ig, Proteintech) for one full day after blocking with 5% bovine serum albumin for 2 hours. After treating the membranes with secondary antibodies for 1 hour at room temperature, the protein bands were detected the next day with ECL solution (Billerica Millipore, United States). Protein band signals were sought using the ChemiDoc detection system (Bio-Rad, United States) and quantified using ImageJ (National Institutes of Health, United States). A t-test was used to compare the differences between LO2 and HepG2 cells. p < 0.05 was considered statistically significant.
RESULTS
Screening of potential candidate genes of afatinib
Through differential expression analysis, we screened 2818 differential genes, including 2356 upregulated genes and 462 downregulated genes, between tumor and para-carcinoma tissue samples (Figure 1A). Next, the Venn diagram showed 178 risk genes and 42 protect genes among TCGA, HCCDB18, and GSE14520 datasets (Figures 1B, C). Furthermore, we assessed the relationship between 220 genes and the IC50 value of afatinib. As displayed in Figure 1D, five candidate genes (CDK4, PTMA, TAT, OGDHL, and ASPM) were negatively correlated with the IC50 value of afatinib, while three candidate genes (PON1, ADH1B, and ANXA10) were positively correlated with the IC50 value of afatinib. Moreover, we performed functional enrichment analysis for common DEGs, and we found that these common DEGs were mainly enriched in mitotic spindle organization, nuclear division, fatty acid degradation, bile secretion, DNA replication, and cell cycle, indicating these DEGs might contribute to tumorigenesis by regulating these processes (Figures 1E–H).
[image: Figure 1]FIGURE 1 | Screening of potential candidate genes of afatinib. (A) Volcano plots displaying 2356 differential upregulated genes and 462 downregulated differential genes between LIHC tumor and para-carcinoma tissue samples. (B, C) Venn diagram showing 178 risk genes and 42 protect genes among TCGA, HCCDB18, and GSE14520 datasets. (D) Scatter plots of correlation analysis between 220 genes and IC50 value of afatinib from LIHC cells in the GDSC2 database. (E-H) The GO and KEGG analysis of differentially expressed genes.
Distribution of candidate genes in clinicopathological features
We assessed the distribution of candidate genes in different clinicopathological features (T stage, stage, and grade) in the TCGA dataset. We found that the expression of ADH1B was significantly decreased in patients with G3+G4 (Figure 2A); ANXA10, OGDHL, PON1, and TAT were highly expressed in patients with early stage and low grade (Figures 2B, E, F, H), whereas the expression of ASPM, CDK4, and PTMA was remarkably unregulated in patients with late stage and high grade (Figures 2C, D, G).
[image: Figure 2]FIGURE 2 | Distribution of eight candidate genes in clinicopathological features. The expression levels of ADH1B (A), ANXA10 (B), ASPM (C), CDK4 (D), OGDHL (E), PON1 (F), PTMA (G), and TAT (H) between early and late stage or high and low grade. ns represents p > 0.05; *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
Survival analysis of candidate genes
To analyze the relationship between candidate genes and survival, we performed survival analysis of eight candidate genes in TCGA, HCCDB18, and GSE14520 datasets. Patients in the TCGA dataset with a higher expression of ASPM (p = 0.00019), CDK4 (p < 0.0001), and PTMA (p < 0.0001) exhibited poorer prognosis compared with those with lower expression of ASPM, CDK4, and PTMA, while those with lower ADH1B (p = 0.00015), ANXA10 (p < 0.0001), OGDHL (p = 0.00031), PON1 (p < 0.0001), and TAT (p = 0.0016) had unfavorable prognosis (Figure 3A). Similar results could be found in HCCDB18 and GSE14520 datasets (Figures 3B, C).
[image: Figure 3]FIGURE 3 | Survival analysis of candidate genes. (A) Kaplan–Meier curves of eight candidate genes in the TCGA dataset. (B), Kaplan–Meier curves of eight candidate genes in the HCCDB18 dataset. (C) Kaplan–Meier curves of eight candidate genes in the GSE14520 dataset.
Identification of key genes based on immune abnormalities
Furthermore, we analyzed the relationship between candidate genes and immune score and found that ADH1B was significantly negatively correlated with the immune score (R = −0.14, p = 0.009) (Figures 4A, B). Additionally, ADH1B was positively correlated with effector memory CD8 T cells, eosinophils, gamma delta T cells, memory B cells, and type 1 T helper cells in GSE14520, HCCDB18, or TCGA, while ADH1B was negatively correlated with several immune cells such as activated CD4 T cells, activated dendritic cells, central memory CD4 T cells, effector memory CD4 T cells, macrophage, mast cells, and MDSC (Figure 4C). Moreover, ADH1B had a positive correlation with resting mast cells, macrophage M1, monocytes, and resting NK cells; ADH1B was negatively correlated with macrophage M0, regulatory T cells (Tregs), and CD4 memory activated T cells (Figure 4D).
[image: Figure 4]FIGURE 4 | Identification of key genes based on immune abnormalities. (A, B) Among eight candidate genes, ADH1B was negatively correlated with the immune score. (C) ADH1B was significantly correlated with some immune cells among 28 immune cells. (D) Correlation heatmap displayed ADH1B correlated with several immune cells among 22 immune cells.
Potential regulatory pathways of ADH1B
Subsequently, we assessed the potential regulatory pathways of ADH1B. Figure 5A shows the significant enriched KEGG pathways in the ADH1B-higher-expression group and ADH1B-lower-expression group. We found that VEGF_SIGNALING, P53_SIGNALING_PATHWAY, CELL_CYCLE, and DNA_REPLICATION were significantly activated in the ADH1B-lower-expression group, while FATTY_ACID_METABOLISM and some amino metabolism pathways were enriched in the ADH1B-higher-expression group (Figure 5A). Through GSEA, we also found that HALLMARK_MITOTIC_SPINDLE, HALLMARK_GLYCOLYSIS, HALLMARK_DNA_REPAIR, HALLMARK_G2M_CHECKPOINT, and HALLMARK_E2F_TARGETS were significantly enriched in the ADH1B-lower-expression group, while HALLMARK_XENOBIOTIC_METABOLISM, HALLMARK_BILE_ACID_METABOLISM, HALLMARK_FATTY_ACID_METABOLISM, HALLMARK_COAGULATION, and HALLMARK_PEROXISOME were significantly enriched in the ADH1B-higher-expression group (Figure 5B). The CCP score was negatively correlated with ADH1B (Figure 5C). Thereafter, we found that the G1/S cell cycle and G2M checkpoint were negatively correlated with ADH1B (Figures 5D, E). Meanwhile, most inflammation pathways were negatively correlated with ADH1B (Figure 5F).
[image: Figure 5]FIGURE 5 | Potential regulatory pathways of ADH1B. (A) Differential enriched KEGG pathways between ADH1B-higher-expression group and ADH1B-lower-expression group. (B) GSEA showed significant enriched hallmark terms between higher ADH1B and lower ADH1B groups. (C) Scatter plots of correlation analysis between the CCP score and ADH1B. (D) Scatter plots of correlation analysis between G1/S cell cycle and ADH1B. (E) Scatter plots of correlation analysis between G2M Checkpoint and ADH1B. (F) Scatter plots of correlation analysis between inflammation pathways and ADH1B.
Performance of ADH1B in pan-cancer
We subsequently compared the expression of ADH1B in pan-cancer. The expression level of ADH1B was distinctly downregulated in tumor tissue of each cancer type (Supplementary Figure S1A). We also analyzed the relationship between ADH1B and survival in each cancer type and observed that ADH1B might increase the mortality risk in patients with lung squamous cell carcinoma (LUSC), stomach adenocarcinoma (STAD), and kidney renal papillary cell carcinoma (KIRP) (Supplementary Figure S1B).
Correlation between ADH1B and its methylation
To further investigate the relationship between ADH1B expression and ADH1B methylation, we obtained methylated data from TCGA and analyzed the correlation using Pearson correlation analysis. As shown in Figure 6, the expression of ADH1B had a significant negative correlation with the methylation of ADH1B (R = −0.637, p = 6.88e−43).
[image: Figure 6]FIGURE 6 | Correlation between ADH1B expression and ADH1B methylation. The expression of the ADH1B gene is negatively correlated with ADH1B methylation.
Drug sensitivity analysis of ADH1B
Next, we analyzed the relationship between ADH1B and sensitivity to small-molecule drugs. The results revealed that ADH1B was positively correlated with panobinostat (R = 0.402, p = 0.00146), oxaliplatin (R = 0.278, p = 0.0316), and ixabepilone (R = 0.2666, p = 0.04), whereas ADH1B was negatively correlated with seliciclib (R = −0.276, p = 0.0331) (Figure 7).
[image: Figure 7]FIGURE 7 | Drug sensitivity analysis of ADH1B. Scatter plots of correlation analysis between ADH1B and drugs (panobinostat, oxaliplatin, ixabepilone, and seliciclib).
Decreased expression of ADH1B in hepatocellular carcinoma cell line HepG2
To validate the expression of ADH1B in LIHC, ADH1B was quantified in normal hepatocytes LO2 and hepatocellular carcinoma cell line HepG2 by using Western blot analysis. As shown in Figure 8, the protein level of ADH1B was significantly decreased in the HepG2 cell line compared with the LO2 cell line (p < 0.01).
[image: Figure 8]FIGURE 8 | Expression of ADH1B is decreased in the HepG2 cell line. (A) Representative Western blot results for ADH1B. (B) Quantitative analysis for ADH1B expression.
DISCUSSION
Using approved drugs to discover innovative biomarkers and potential candidate drugs for specific disorders represents a promising therapeutic approach. In the present study, we screened eight potential candidate genes associated with afatinib between LIHC and normal samples. To identify key genes of afatinib, we analyzed the correlation between immune characteristics and candidate genes. We found ADH1B as a key gene and that patients with lower ADH1B had unfavorable prognosis. Finally, we identified that panobinostat, oxaliplatin, ixabepilone, and seliciclib might be potential drugs in the treatment of LIHC targeting ADH1B.
ASPM is an oncoprotein and activates the EGFR. A previous study has shown that ASPM was highly expressed in glioma cells, and the abnormal expression of ASPM regulated by transcriptional regulation of FoxM1 contributed to the aggressiveness of gliomas (Zeng et al., 2020). In addition, ASPM has been identified as a key gene for HER-2, which is related to the poor prognosis of breast cancer patients (Tjipta et al., 2022). Amplification of CDK4/6 is considered as potential hallmarks for the de novo EGFR tyrosine kinase inhibitor (TKI) resistance in sensitizing EGFR mutation NSCLC (Sitthideatphaiboon et al., 2022). Inhibition of CDK4/6 can overcome acquired resistance to third-generation EGFR inhibitor osimertinib in patients with NSCLC (Qin et al., 2020). The upregulated PTMA has been observed in esophageal cancer and LIHC (Zhu et al., 2019; Yang et al., 2021) and served as a potential biomarker associated with progression, early recurrence, and unfavorable prognosis of LIHC (Ha et al., 2015). Aberrant tyrosine catabolic enzyme TAT in patients with LIHC has been found, and a recent study has indicated TAT as a potential gene associated with prognosis of LIHC patients after hepatectomy (Wang et al., 2019). ADH1B belongs to alcohol dehydrogenase class I enzyme and converts ethanol to acetaldehyde via the redox reaction. Downregulated ADH1B has been found in LIHC, and polymorphisms on ADH1B and ALDH2 had distinct indirect functions on the risk of LIHC (Liu et al., 2016). ANXA10 is related to poor prognosis of patients with early gastric cancer, small bowel adenocarcinoma, and lung adenocarcinoma (Ishikawa et al., 2020; Ishikawa et al., 2021; Yumura et al., 2022). As previously reported, the decreased level of ANXA10 was related to vascular invasion, early relapse, and dismal prognosis in synergy with p53 mutation in LIHC (Liu et al., 2002). Additionally, downregulated OGDHL is associated with the advanced tumor stage, unfavorable outcome, and relapse in LIHC through reprogramming glutamine metabolism (Dai et al., 2020). The serum level of PON1 can be considered as a marker to estimate microvascular invasion in patients with LIHC (Ding et al., 2020). Collectively, the eight candidate genes related to afatinib may have great potential in the treatment of LIHC.
The dynamic interplay between tumor cells and the tumor immune microenvironment (TIME) is involved in tumor growth and progression (El-Kenawi et al., 2020). Understanding the TIME is crucial for the mechanism of tumor progression and development of therapeutic strategies (Binnewies et al., 2018). It has been acknowledged that immune cell and inflammatory cell infiltrations are important hallmarks for evaluating the characteristics of the TIME (Ino et al., 2013). Under the conditions of hypoxia, other immune cells, and extracellular matrix, macrophages can reversibly change or alter polarization (Poh and Ernst, 2018). With macrophages, tumor cells invade the circulatory system and escape from cytotoxic lymphocytes and phagocytes through multiple pathways (El-Kenawi et al., 2020). Increased macrophage infiltration is associated with dismal prognosis of cancer patients (Poh and Ernst, 2018). Meanwhile, the interplay between immune cells within a tumor may affect the immunity. Macrophages, monocytes, neutrophils, myeloid-derived suppressor cells (MDSCs), and Tregs exert suppressive effects on cytotoxic lymphocytes (Cassetta and Kitamura, 2018), which promote tumor growth, metastasis, and drug resistance. ADH1B was negatively correlated with several immune cells, such as CD4 T cells, activated dendritic cells, macrophages, mast cells, MDSCs, and Tregs, which contributed to the immunosuppression in LIHC. Moreover, we observed that ADH1B was positively correlated with effector memory CD8 T cells, eosinophils, and type 1 T helper cells. With reduced ADH1B expression, infiltration of CD8 T cells, eosinophils, and type 1 T helper cells decreased, leading to a relevant weak ability of tumor cell killing. These may explain the fact that patients with lower ADH1B had an unfavorable prognosis.
Panobinostat is a histone deacetylase inhibitor that has been first approved for treating refractory multiple myeloma (Eleutherakis-Papaiakovou et al., 2020). Additionally, the combination of panobinostat with Taxol showed synergistic effects on proliferative arrest in head and neck squamous cell carcinoma and NSCLC through inducing senescence (Samaraweera et al., 2017). Panobinostat also had promising activity against other hematologic and solid tumors (Wood et al., 2018; Goldberg et al., 2020). Oxaliplatin is an FDA-approved platinum-based antitumor drug to treat stage III colorectal cancer after tumorectomy and metastatic colorectal cancer. Other indications for oxaliplatin include refractory or relapsed neuroblastoma and non-Hodgkin lymphoma, refractory chronic lymphocytic leukemia, advanced biliary adenocarcinoma, ovarian cancer, and pancreatic cancer (Devanabanda and Kasi, 2022). Ixabepilone is a semi-synthetic analog of epothilone B and serves as a microtubule inhibitor that has been first approved for treating metastatic breast cancer (Ibrahim, 2021). Ixabepilone also shows potential activities against meningioma and platinum/taxane-resistant/refractory ovarian cancer (Roque et al., 2021; Jungwirth et al., 2023). Seliciclib, an oral inhibitor of cyclin-dependent kinases, can be used to treat Cushing disease and cystic fibrosis (Liu et al., 2022; Meijer et al., 2022). At present, seliciclib has been developed as an anticancer medicine for treating NSCLC, nasopharyngeal carcinoma, prostate cancer, metastatic breast cancer, and osteosarcoma (Aldoss et al., 2009; Keenan et al., 2019; Fu et al., 2020; Alsfouk et al., 2021). The current study found that ADH1B was positively correlated with panobinostat, oxaliplatin, and ixabepilone, whereas ADH1B was negatively correlated with seliciclib. Our findings suggested that small-molecule drugs panobinostat, oxaliplatin, ixabepilone, and seliciclib could be potential treatment medicines targeting ADH1B in LIHC.
There are still some limitations in this study. Although we have identified ADH1B as the key gene of afatinib, the underlying mechanism of ADH1B in LIHC remains unclarified. Thus, further experimental studies should be carried out to reveal the mechanism of its action. In addition, we only screened the key gene related to afatinib, and further study on other potential drugs and their related genes to develop potential drugs for the treatment of LIHC should be implemented. Moreover, we used CellMiner to screen the potential anticancer drugs for LIHC in this study, other approaches such as network pharmacology and protein–protein interaction network should be used for drug repurposing for LIHC.
CONCLUSION
We screened eight potential candidate genes associated with afatinib, ASPM, CDK4, PTMA, TAT, ADH1B, ANXA10, OGDHL, and PON1. Then, we identified ADH1B as a key gene based on immune abnormalities, which could predict the prognosis of LIHC patients and negatively correlated with cell cycle progression and inflammation pathways. We further found that small-molecule drugs panobinostat, oxaliplatin, ixabepilone, and seliciclib were significantly associated with ADH1B, which might be potential drugs targeting ADH1B for LIHC management.
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Nanosecond pulse effectively ablated hepatocellular carcinoma with alterations in the gut microbiome and serum metabolites
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Background: Hepatocellular carcinoma (HCC) is the third leading cause of cancer-related death in the world. Nanosecond pulsed electric fields (nsPEFs) have emerged as a new treatment for cancer. This study aims to identify the effectiveness of nsPEFs in the treatment of HCC and analyze the alterations in the gut microbiome and serum metabonomics after ablation.
Methods: C57BL/6 mice were randomly divided into three groups: healthy control mice (n = 10), HCC mice (n = 10), and nsPEF-treated HCC mice (n = 23). Hep1-6 cell lines were used to establish the HCC model in situ. Histopathological staining was performed on tumor tissues. The gut microbiome was analyzed by 16S rRNA sequencing. Serum metabolites were analyzed by liquid chromatography–mass spectrometry (LC-MS) metabolomic analysis. Spearman’s correlation analysis was carried out to analyze the correlation between the gut microbiome and serum metabonomics.
Results: The fluorescence image showed that nsPEFs were significantly effective. Histopathological staining identified nuclear pyknosis and cell necrosis in the nsPEF group. The expression of CD34, PCNA, and VEGF decreased significantly in the nsPEF group. Compared with normal mice, the gut microbiome diversity of HCC mice was increased. Eight genera including Alistipes and Muribaculaceae were enriched in the HCC group. Inversely, these genera decreased in the nsPEF group. LC-MS analysis confirmed that there were significant differences in serum metabolism among the three groups. Correlation analysis showed crucial relationships between the gut microbiome and serum metabolites that are involved in nsPEF ablation of HCC.
Conclusion: As a new minimally invasive treatment for tumor ablation, nsPEFs have an excellent ablation effect. The alterations in the gut microbiome and serum metabolites may participate in the prognosis of HCC ablation.
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1 INTRODUCTION
Hepatocellular carcinoma (HCC) is the fourth leading cause of cancer-related death worldwide. In Western countries such as the United Kingdom and the United States, the incidence of HCC related to non-alcoholic fatty liver disease (NAFLD) has been increasing in recent years (Huang et al., 2021). Due to the high prevalence of hepatitis B virus (HBV) infection and HBV-induced cirrhosis in China, the incidence of HCC is high. In 2020, the number of newly diagnosed cases of HCC in China was 0.41 million, and the mortality rate of HCC ranked second among all types of cancer (Cao et al., 2021). Finding effective therapeutic strategies for HCC has become an important scientific research problem to be solved urgently.
Pulsed electric fields (PEFs) can break through the cell membrane. Since it was discovered in the 1970s, it has been used in a variety of biological studies, such as gene transfection in vitro (Breton and Mir, 2012), gene therapy (Henshaw et al., 2008), electrochemical therapy, and cell fusion (Li et al., 2018). With the deepening of research, the PEF gradually showed its advantages in tumor treatment. Aleksander Kiełbik et al. found that the cytoskeleton and fluidity of prostate cancer cells changed significantly when they were exposed to high-frequency nsPEFs (Kielbik et al., 2021), which led to enhancement of cell membrane permeability, formation of tiny nanopores on the membrane (Pakhomov et al., 2007), change of membrane potential, release of cytochrome C, and mobilization of calcium ions (Ford et al., 2010), resulting in apoptosis or necrosis of the cells. The use of electrical pulses for tumor cell death technology is non-thermal, so it does not damage blood vessels. In addition, the effect of nsPEFs on activating antitumor immune response has also been reported by several research teams (Xu et al., 2018; Yimingjiang et al., 2020).
Various research groups (Chen et al., 2017; Guo et al., 2018; Xu et al., 2018; Nuccitelli, 2019) have previously confirmed through in vivo and in vitro experiments that nanosecond pulse has good tissue selectivity, and its effectiveness and safety have been confirmed in the treatment of tumors close to the blood vessels. The most striking effect of nanosecond pulse is the immune activation effect, known as nano-pulse stimulation (NPS). Nanosecond pulse can induce apoptosis through a non-thermogenic electric field energy transmembrane into the nucleus while retaining tumor antigens on the cell membrane, attracting immune recognition, making macrophages infiltrate and differentiate into tumor-inhibiting phenotypes, increasing the number of CD8 + T cells and enhancing the killing ability of CD8 + T cells to inhibit HCC recurrence and metastasis, and acting as an immune modulator. Combined drugs enhance the effect of comprehensive treatment.
Microecological changes are involved in the development of many diseases, such as latent autoimmune diabetes in adults (LADA) (Fang et al., 2021), colorectal cancer (CRC) (Feng et al., 2015), and chronic kidney disease (CKD) (Ren et al., 2020). Our previous studies have also shown that the predictive model of the gut microbiome also has a strong diagnostic ability for HCC (Ren et al., 2019). This shows that changes in the gut microbiome are of great significance in the progression of HCC. Herein, the scientific question that we are very concerned about is whether the ablation of HCC by nsPEFs can produce changes in the gut microbiome.
Host metabolism will be affected by pathophysiological changes in the process of disease progression, and abnormal metabolism will accelerate the occurrence of abnormal pathological processes. Therefore, metabonomics is also widely used in the study of many diseases (Weiss and Kim, 2011; Ussher et al., 2016; McGlinchey et al., 2022). The liver is the largest digestive organ in the body and is also involved in mediating many metabolic reactions, such as protein, fat, and carbohydrate. Existing studies have shown that metabolic reprogramming plays an indispensable role in the occurrence and development of HCC. Compared with the normal tissue around the focus, the urea cycle in HCC tissue is significantly inhibited, aerobic glycolysis is more obvious (Wang et al., 2022), and lipid metabolism is also more active (Hall et al., 2021). Based on the results of previous metabonomic studies, we explore the changes in metabolites in HCC tissue after nsPEF treatment.
In this study, we analyzed the gut microbiome and serum metabolites of 10 normal, 10 in situ HCC, and 23 after nsPEF ablation mice. The characteristics of the gut microbiome and serum metabolites of HCC mice after nsPEF treatment were clarified. Then, we discussed the effect of nanosecond pulse on the body after nsPEF treatment. This is of great significance for the follow-up application of nsPEFs in clinical research and disease treatment.
2 MATERIALS AND METHODS
2.1 Cell lines and cell culture
Human HCC cell lines Hep1-6 were amiably provided by Zhejiang Academy of Medical Sciences, incubated at 37°C in a 5% CO2 incubator, and cultured in DMEM supplemented with 10% FBS (Gibco, Carlsbad, CA, United States). The cell lines were mycoplasma-negative.
2.2 Animals
C57BL/6 mice were purchased from Hangzhou Medical College at 7–8 weeks of age. All the mice were healthy, had no other underlying diseases, and the average weight was about 25 g. The mice were cared for carefully by experienced experimental breeders. Under the same environmental conditions in the animal housing room, the mice were provided with the same formula diet, clear water, and adequate light for 12 h per day. After anesthesia, the abdominal cavity was opened up to 1 cm, and 1 × 106 Hep1-6 tumor cells were injected under the left liver capsule to establish the tumor in situ. The animal experiment was approved by the experimental Animal Welfare Ethics Committee of the Zhejiang Animal Experiment Center (ZJCLA-IACUC-20040072).
2.3 Animal model establishment
Forty-three C57BL/6 tumor-bearing mice were randomly divided into three groups: healthy control mice (C group, n= 10); HCC mice (M group, n = 10); and nsPEF-treated HCC mice (N group, n = 23). The C group was given adequate water and feed ad libitum.
The mice in the M group (five mice in each cage) were weighed before anesthesia and intraperitoneal injection. The anesthetized mice were marked with ear labels, and the original data were recorded. In the supine position, the mice were fixed upward on the adhesive board with a non-woven medical tape (there should be no confusion between mice in each cage). The blown cell suspension was extracted from 10 ul/30 WIU using a 500-ul syringe and injected into the left lobe of the liver. The mice were imaged in vivo after 2 weeks to ensure that the HCC model was successfully established. All mice were fed the same feed, provided the same water, and maintained in the same living environment and temperature. The mice were starved for one night before collecting feces and blood samples to eliminate interference factors. Blood samples were obtained by collecting blood from the inferior vena cava after anesthetic laparotomy. Fecal samples were collected from dry feces from the anus, about 1–1.5 cm. The serum, feces, and histological samples were collected, and the mice were euthanized. The HCC model was established by the same method as observed in the N group, which was different from that in the M group, in that the N group needed nanosecond pulse ablation for the local lesion. Similarly, the same samples were preserved before execution 3 days after ablation.
Liver histological samples were immediately soaked in formalin solution in vitro and fixed for more than 48 h; they were then were dehydrated, embedded, and sectioned. The normal control group was stained only with hematoxylin and eosin (HE), while the model group and treatment group were stained with CD34, VEGF, PCNA, and TUNEL.
2.4 Procedures of nsPEF ablation
The ablation instrument is obtained from the Key Laboratory of Pulsed Power Translational Medicine of Zhejiang Province. The pulse parameters were set as follows: pulse number: 50 pulses per electrode; electric voltage: 15 kV; and duration: 300 ns. A pair of needle electrodes was implanted into the tumor center to deliver an electric field. They were electrically insulated 0.5 cm from the tip. After the instrument is electrified, an electric field is generated in the center of the tumor, and an oval non-thermal ablation zone is formed around the tip of the needle.
2.5 Sample collection and processing
We have developed a strict sample collection protocol to reduce the interference caused by improper operation. About 4 ml blood was collected from the inferior vena cava of each mouse and directly collected in the EDTA blood vessel containing the anticoagulant. The supernatant was collected in a 1.5-ml EP tube after centrifugation 5–6 times. The supernatant was stored in the refrigerator at -80°C until metabolomics analysis was performed.
Fecal samples about 1–2 cm long were collected from the anus of the mice and stored in EP tubes. After marking, they were immediately transferred to a cryogenic refrigerator at -80°C until the 16S rRNA MiSeq sequencing analysis was conducted.
2.6 Serum metabolic detection and analysis
The serum samples were detected by ultrahigh-performance liquid chromatography–mass spectrometry (UPLC-MS) in positive and negative modes, respectively, to obtain the mass spectrometry (MS) and tandem mass spectrometry (MS/MS) information of metabolites. The quality control sample was mixed to evaluate the repeatability and stability of the UPLC-MS analysis process. The data were preprocessed by Progenesis QI software (Waters Corporation, Milford, United States). The metabolites were annotated in combination with the self-built databases, HMDB and Metlin, to obtain the metabolite list and data matrix. Finally, differential metabolites were screened by the t-test and variable importance in projection (VIP), and the biological information of differential metabolites was further visualized. Finally, the differential metabolites were obtained by statistical analysis.
2.7 Microflora analysis of 16S rRNA sequencing
The fecal samples were collected in EP tubes. According to our previous research methods, DNA extraction was completed by using a genomic DNA extraction kit (Ren et al., 2019). After DNA extraction, PCR amplification, and DNA library construction, the amplified sequences were sequenced using the Illumina MiSeq platform (Shanghai MoBIO Biomedical Technology Co. Ltd.). Furthermore, the original data were preprocessed, and the UPARSE pipeline and RDP classifier version 2.6 were used to perform operational taxonomic unit (OTU) clustering and species annotation, respectively. Species diversity analysis, species structure analysis, and species difference analysis were carried out based on OTUs, and the optimal OTU combination was identified in the random forest model through five-fold cross-validation.
2.8 Gut microbiome–serum metabolite correlation analysis
Spearman’s correlation analysis was carried out to calculate the correlation between the gut microbiome and serum metabolites in groups C and M, M and N, and C and N.
2.9 Statistical analysis
SPSS v. 20.0 (IBM Corp., Armonk, NY, United States) and GraphPad Prism 6 were used to analyze the data. The statistical significance of the differences among the three groups was calculated. The Wilcoxon rank-sum test and Student’s t-test were conducted to compare the continuous variables between two groups. Categorical variables were compared using Fisher’s exact test. Correlation analysis was conducted using Spearman’s rank test. The Kruskal–Wallis test was used to compare the overall differences among the three groups. The Mann–Whitney U test was used for the comparison of two groups. p < 0.05 (two-sided) indicated statistical significance.
3 RESULTS
3.1 Study design
A total of 43 mice were randomly divided into three groups: healthy control mice (C group, n = 10); HCC mice (M group, n = 10); and nsPEF-treated HCC mice (N group, n = 23). Serum samples were collected from 42 mice (excluding one sample hemolysis), and fecal samples were completely collected from all 43 mice. The N group received nsPEF ablation (15 kV, 300 ns) 12 days after Hep1-6 cell implantation. The mice were euthanized after obtaining live images. Fecal samples were sequenced by 16S rRNA sequencing. Serum samples were analyzed by LC-MS. The weight and volume of the liver in the three groups were compared and analyzed (Supplementary Figure S1). Subsequently, the general tissue of the liver was stained with histopathological stains. The detailed study design is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Study design and flow diagram. A total of 43 mice were randomly divided into three groups: healthy control mice (C group, n = 10), HCC mice (M group, n = 10), and nsPEF-treated HCC mice (N group, n = 23). Serum samples were collected from 42 mice (excluding one sample hemolysis), and fecal samples were collected from all 43 mice. HCC: hepatocellular carcinoma; HE: hematoxylin and eosin staining; IHC: immunohistochemical staining.
3.2 NsPEFs successfully ablated HCC in C57BL/6 mice
On the third day after nsPEF ablation, the live image of the mice in the N group showed that the tumor volume decreased significantly and the metabolic activity slowed down compared with that in the M group (Figure 2A). Using hematoxylin and eosin (HE) staining, we observed morphological changes in HCC tissue (Figure 2B). By immunohistochemical (IHC) staining, we examined the ablation effect of nsPEFs (Figure 2C). The results of apoptosis staining are shown in Figure 2D. As shown in Figure 2B, compared with the HCC group, the tumor tissue of the N group showed significant cell necrosis and apoptosis, and lymphocytes and macrophages infiltrated around the ablated area.
[image: Figure 2]FIGURE 2 | Live tumor image and the comparison of histopathological changes in healthy control mice (C group), HCC mice (M group), and nsPEF-treated HCC mice (N group). (A) Live tumor image in the M group and N group. (B) Comparison of normal liver tissue (C), tumor tissue (M), and nsPEF-treated tumor tissue (N) by HE staining, observed under a light microscope for 40 or 400 magnifications. Cell necrosis and apoptosis and lymphocytes and macrophages infiltrated around the ablated area. Original magnification × 100 and 400 ×. Apoptosis-related proteins including CD34, PCNA, and VEGF were determined by IHC (C), and tumor apoptosis was detected by TUNEL assay (D). IHC results were analyzed by GraphPad Prism 9. Original magnification ×400. *p < 0.05, **p < 0.01, and ****p < 0.0001.
CD34 is a highly differentiated glycosylated transmembrane glycoprotein selectively expressed on human and other mammalian stem/progenitor cell surfaces (Cui et al., 2018). It is also a marker of endothelial differentiation. CD34 is one of the specific markers of angiogenic tumors, and the positive results can be used to evaluate vascular invasion. CD34 staining was localized in the cytoplasm and showed uniform brownish-yellow particles. The microvessels of CD34-positive expression in HCC are long or branched, and the lumen is narrow and widely distributed. Compared with the obvious CD34-positive results in the M group, CD34 was almost unexpressed in the N group (p = 0.0251) (Figure 2C).
Proliferating cell nuclear antigen (PCNA) is closely related to DNA synthesis and plays an indispensable role in cell proliferation, which can be used as an indicator to evaluate the status of tumor tissue proliferation. PCNA existed in the nucleus, and the nuclei were uniformly stained when IHC staining was positive (p < 0.0001). In the process of tumor development, the generation of blood vessels is one of the essential conditions.
Vascular endothelial growth factor (VEGF) is a highly specific growth factor promoting vascular endothelial cells, which can promote vascular permeability, extracellular matrix degeneration, vascular endothelial cell migration, proliferation, and vascular formation. VEGF is mainly expressed in the cytoplasm of glandular cells and part of matrix vascular endothelial cells. Brownish-yellow particles appear in the cytoplasm when positive. Compared with the strong positive in the M group, tumor tissue angiogenesis was significantly reduced after nsPEF treatment (p < 0.0001).
The assay of TdT-dUTP terminal nick-end labeling (TUNEL) can detect the breakdown of nuclear DNA during cell apoptosis. Because normal or proliferating cells do not have DNA breaks, they will not be stained. In the N group, the number of TUNEL-positive cells significantly increased, which indicates that extensive apoptosis occurs after nsPEF ablation in local tumor tissue (p = 0.0085) (Figure 2D).
Our experimental results show that nsPEFs functioned as an effective tool by promoting cancer cell apoptosis, inhibiting tumor tissue angiogenesis, and changing the microenvironment for tumor growth in vivo.
3.3 Difference in the gut microbiome among the three groups
First, the rarefaction curve and rank abundance curve (Supplementary Figure S2) show that our sequencing data of the sample are reasonable. The analysis results can effectively reflect the microbial information of most samples.
As shown in the species accumulation curves (Figure 3A), the trend gradually flattens out from the initial sharp rise, indicating that the sample size is sufficient for analysis. The diversity of the gut microbiome was calculated by the Shannon index (Figure 3B) and Simpson index (Figure 3C). Compared with the N group, the diversity of the gut microbiome in the M group was increased significantly. The performance of the N group was also significantly different from that of the C group (p < 0.001; Kruskal–Wallis test). In addition, the Venn diagram (Figure 3D) shows overlapping relationships among groups displaying the same result. As shown, 406 of 665 OTUs were shared among the three groups. Notably, 88 of 665 OTUs were unique for the mice after nsPEFs.
[image: Figure 3]FIGURE 3 | Gut microbiome diversity in the C group (n = 10), M group (n = 10), and N group (n = 23). (A) Specaccum (species accumulation curves) indicated the sufficient sampling size. Compared with the C group and N group, gut microbiome diversity, calculated by the Shannon index (B) and Simpson index (C), was significantly increased in the M group (p < 0.001. Kruskal–Wallis test). (D) 406 of the 665 OTUs were shared among the three groups as shown by the Venn diagram. The significant difference was found among the C group, M group, and N group by (E) NMDS analysis and (F) PCoA, which indicated that the composition of the overall oral microbiota of AIH and HCs was different. C group, healthy mice; N group, nsPEF-treated mice; and M group, HCC mice. OTUs, operational taxonomic units; NMDS, non-metric multidimensional scaling; and PCoA, principal coordinate analysis.
Beta diversity was counted through non-metric multidimensional scaling (NMDS) analysis and principal coordinate analysis (PCoA), to deduce the microbiome space among the three groups. NMDS analysis of Bray–Curtis (Figure 3E) and PCoA of Bray–Curtis PC1-2 (Figure 3F) demonstrated that the samples of the C group and the other two groups were separated in the direction of the NMDS2, PC2, and PC2 axes, indicating that the overall fecal microbial composition was different between healthy mice and others. Furthermore, the samples of the M group and N group were observably separated in the direction of the NMDS1, PC1, and PC1 axes. The difference between these two groups can be confirmed through the aforementioned analysis.
3.4 Composition and comparison of the gut microbiome among the three groups
Concerning the composition of the gut microbiome among healthy mice, HCC mice, and nsPEF mice, according to the explanatory note of OTUs, the relative abundance of each sample was computed and plotted at each taxonomic level.
The average proportion of Firmicutes, Bacteroidota, Verrucomicrobiota, and Proteobacteria in the three groups was up to 90% at the phylum level (Figure 4A). Delightedly, notable divergences of these four main phyla were detected among the three groups. Similarly, 18 genera, including Lachnospiraceae_unclassified, Akkermansia, Bacteroides, Lachnospiraceae_NK4A136_group, Dysgonomonas, and Alistipes, at the genus level, accounted for an average of more than 80% in the three groups (Figure 4B). At the phylum and genus levels, the microbial composition of the N group was distinct from that of the C group and M group.
[image: Figure 4]FIGURE 4 | Composition and comparison of the gut microbiome in the C group (n = 10), M group (n = 10), and N group (n = 23). (A) The phylum-level and (B)genus-level composition diagrams showed the composition characteristics of the three groups of the gut microbiome. The differences in the relative abundance of key bacteria in the three groups were compared at the (C) phylum level and (D) genus level. The relative abundance of each bacterium was represented by the mean ± SE. We used the Kruskal–Wallis test to evaluate whether the difference of relative abundance was significant (*p < 0.05; **p < 0.01, and ***p < 0.001). C group, healthy mice; N group, nsPEF-treated mice; and M group, HCC mice.
Sequentially, the comparative analysis was carried out in the C group (n = 10), M group (n = 10), and N group (n = 23) at each taxonomic level. At the phylum level, the abundance of three phyla, namely, Verrucomicrobiota, Proteobacteria, and Desulfobacterota, increased gradually among the three groups (p < 0.05). In contrast, the abundance of Firmicutes and Actinobacteria was markedly decreased in the N group compared with the C group and M group (p < 0.05) (Figure 4C).
As observed at the genus level, four genera, namely, Hydrogenoanaerobacterium, Oscillospiraceae_NK4A214_group, (Eubacterium)_oxidoreducens_group, and Colidextribacter, increased in the following order: M group, N group, and C group (Figure 4D). Inversely, eight genera, including Alistipes, Muribaculaceae, Anaerotruncus, and (Eubacterium)_brachy_group, were gradually decreased in the aforementioned sequence. In particular, the abundance of Lachnospiraceae_A2 is the highest in the M group and the lowest in the N group.
The boxplot at the phylum and genus levels indicated that there was a significant difference in the distribution of the gut microbiome among the three groups. Similar results were also concluded at the class level, order level, and family level (Supplementary Figure S3) (p < 0.05).
3.5 Operational taxonomic unit (OTU) clustering and taxonomic analysis
To demonstrate the divergence more distinctly, we use the microbial community heatmap to show the distinction among the three groups (Figure 5A). The closer the color is to blue, the lower the relative abundance of each OTU. On the contrary, the closer the color is to red, the higher the relative abundance of each OTU.
[image: Figure 5]FIGURE 5 | Heatmap and LDA based on OTU characterization of the microbiome among the C group (n = 10), M group (n = 10), and N group (n = 23). (A) The relative abundance for differential OTUs is shown on the right. The relative abundance of each OTU was used to plot the heatmap (blue, low abundance; red, high abundance). (B) Histogram of LDA scores calculated for selected taxa showing significant difference in microbe type and abundance among the C group (red), M group (blue), and N group (green). The score of LDA was positively correlated with the importance of the microbial marker. OTUs, operational taxonomic units; C group, healthy mice; N group, nsPEF-treated mice; and M group, HCC mice; and LDA, linear discriminant analysis.
According to the LEfSe and LDA score (Figure 5B), based on OTUs’ characterizing microbiota among the C group, M group, and N group, 10 genera were certified to be differential species for nsPEFs. Meanwhile, nine genera were considered to be dominant in the C group, 11 genera were considered to be dominant in the M group, and the difference among the three groups was of high significance.
3.6 Differences in serum metabolite composition among the three groups
For data preprocessing and annotation, we import the original data to the Progenesis QI, which is a proprietary metabolomics processing software. The serum samples of healthy mice (C group, n = 10), HCC mice (M group, n = 10), and nsPEF-treated mice (N group, n = 22) were collected and detected by LC-MS non-targeted metabonomics. A total of 897 metabolites were found, of which 279 were significantly different among the three groups (Supplementary Table S1). The distance between different observed samples can be intuitively observed in the principal component analysis (PCA) score plot, based on which the difference or similarity of the samples was analyzed. The principle of partial least squares-discriminant analysis (PLS-DA) is similar to that of PCA, and the PLS-DA model may be more effective for samples with less significant differences between groups. As shown in Figure 6A and Figure 6B, the characteristics of the metabolites among the three groups were significantly different. The permutation test (Figure 6C) used to evaluate the accuracy of the PLS-DA score plot shows that all Q2 values on the left are lower than the original point on the right, from which we can conclude that the model fitting effect is good.
[image: Figure 6]FIGURE 6 | PCA and PLS-DA show the differences of the serum metabolite among the three groups. A significant difference was found among the C group, M group, and N group by (A) PCA and (B) PLS-DA, which indicated that the composition of the overall serum metabolite was different among the three groups. (C) Permutation testing shows that the model fits well. C group, healthy mice; M group, HCC mice; N group, nsPEF-treated mice. PCA, principal component analysis; PLS-DA, partial least squares-discrimination analysis.
3.7 Expression analysis of differential metabolites
The original data were imported into the metabonomics processing software Progenesis QI for preprocessing and analyzing. Through one-way analysis of variance combined with multivariate analysis, we identified 16 differential metabolites with significant differences among the three groups with strict screening conditions (both VIP >2 and p < 0.05). Among them, 12 metabolites, including (S)-10, 16-dihydroxyhexadecanoic acid, xanthine, 2,6-dihydroxypurine, and ethyl 3-hydroxydodecanoate, were significantly different between the C and M, C and M, and N and M groups. It was worth noting that the expression of (S)-10, 16-dihydroxyhexadecanoic acid (Figure 7A), ethyl 3-hydroxydodecanoate (Figure 7B), 16-hydroxyhexadecanoic acid (Figure 7C), MG (15:0/0:0/0:0) (Figure 7E), MG (19:0/0:0/0:0) (Figure 7F), decanoylcholine (Figure 7H), and phloionolic acid (Figure 7I) was the highest in the N group and the lowest in the M group. The expression of these metabolites in the C group was between N and M, indicating that these metabolites may be involved in the process of returning to normal in HCC mice after nsPEFs. Three metabolites, namely, 2,6-dihydroxypurine (Figure 7D), xanthine (Figure 7J), and dodecyl acetate (Figure 7L), have similar characteristics that were highest in the C group and lowest in the N group. Dehydrocyanaropicrin (Figure 7G) was significantly upregulated in the M group, while 3,4,5-trihydroxy-6-{[4-hydroxy-2-(hydroxymethyl)-7-methoxy-2-methyl-3,4-dihydr o-2H-1-benzopyran-5-yl]oxy}oxane-2-carboxylic acid (Figure 7K) was the most expressed in the N group.
[image: Figure 7]FIGURE 7 | Top 12 differential metabolites among the C group (n = 10), M group (n = 10), and N group (n = 23). Metabolites satisfying VIP >2 and p < 0.05 were screened out, and there were differences among the three groups. VIP, variable importance. C group, healthy mice; M group, HCC mice; N group, nsPEF-treated mice.
3.8 Correlation analysis between serum metabolism and gut microbiome
Finally, we used Spearman’s rank correlation analysis to clarify the correlation between the gut microbiome and serum metabolism of the three groups and to find out the synergistic or opposite changes in the gut microbiome structure and serum metabolism in three different physiological or pathological states.
Figure 8A shows seven OTUs and 38 differential metabolites associated between the C group and M group. Seven kinds of OTUs, including OTU1 (Akkermansia) and OTU36 (Muribaculaceae), were positively correlated with 12 metabolites including 2-ethyl glutaric acid and 3-oxooctanoic acid and negatively correlated with 26 metabolites such as 4-ethylphenol and ethylphenol. The correlation analysis of OTUs and differential metabolites between the M group and N group is shown in Figure 8B. Dodecyl acetate was negatively correlated with OTU6 (Escherichia Shigella), OTU30 (Clostridium_innocuum_group), and OTU100 (Flavonifractor), but positively correlated with 24 OTUs, including OTU41 (Turicibacter) and OTU76 (Anaerotruncus).
[image: Figure 8]FIGURE 8 | Heatmap of the correlation analysis between the gut microbiome and serum metabolism. (A) The correlation between the gut microbiome and serum metabolites was analyzed in the C group and M group. (B) The correlation between the gut microbiome and serum metabolites was analyzed in the M group and N group.
Similar results were found in the C group and N group (Supplementary Figure S4).
4 DISCUSSION
HCC has high morbidity and mortality, frequent recurrence and metastasis, and poor prognosis (Forner et al., 2018). In this study, the effectiveness of nsPEF ablation in HCC mice was confirmed from three aspects: pathological characteristics, gut microbiome composition, and serum metabolite diversity. We identified the differences in the fecal microbiome and serum metabonomics among normal mice, HCC mice, and nsPEF-treated mice. At the histopathological level, we identified the differences between groups by HE and IHC staining.
At different stages of progression from chronic liver disease to HCC, microflora disorders were observed, that is, changes in the composition of the gut microbiome. The gut microbiome can inhibit immune surveillance and promote tumor growth through the transformation of primary bile acid into secondary bile acid. The importance of the gut microbiome in regulating systemic immunity has been widely recognized. Previous studies have shown (Yin et al., 2016; Qian et al., 2020) that nsPEF, as a local treatment, can stimulate a systemic immune activation effect and prevent HCC from metastasizing in the liver and developing in distant areas. There have been microecological studies suggesting that the microecology and metabolism of the digestive tract play an important role in this process (Dong et al., 2021).
Angiogenesis plays an important role in rapid tumor growth and proliferation in surrounding tissues. As a highly glycosylated transmembrane glycoprotein, CD34 protein can be expressed on the surface of human hematopoietic stem cells. It is a commonly used vascular endothelial marker in immunohistochemical staining of tissues. Amarapurkar et al. reported immunohistochemistry staining of CD34 in normal liver, cirrhosis, HCC, and metastatic carcinoma of the liver. The expression of CD34 increased gradually with cirrhosis, carcinogenesis, and metastasis (Amarapurkar et al., 2008). None of the normal tissues showed positive staining on the CD34 protein, which is the same as our results. In the N group, the expression of CD34 in tumor tissues was significantly lower than that in HCC tissues after nsPEF treatment, which indicated that nsPEFs had the effect of anti-angiogenesis in tumor therapy. VEGF is expressed on the surface of vascular endothelial cells, as a ligand of the tyrosine kinase receptor, and mediates neovascularization by inducing endothelial cell proliferation, migration, and vascular permeability (Vanderborght et al., 2020). It has long been reported that upregulation of VEGF is associated with the invasiveness and poor prognosis of HCC (Zhang et al., 2006). Angiogenesis is one of the markers of malignant tumor formation. Based on this theory, drugs such as bevacizumab, sorafenib, and pazopanib play an anticancerous effect by inhibiting angiogenesis in different pathways (Itatani et al., 2018). The anti-angiogenic effect of nsPEFs has been reported previously. Ren et al. observed vascular phagocytosis and cell atrophy in tumor tissues after nsPEF ablation by transmission electron microscopy and IHC staining. Consistent with our findings, the expression of angiogenesis marker proteins, VEGF and CD34, was downregulated in tissues after treatment (Ren et al., 2013).
PCNA exists in normal proliferating cells and tumor cells, and IHC staining can show significant positive results when tumor tissues are formed. Feng et al. reported that PCNA enhances hepatitis B virus (HBV) replication through covalently closed circular DNA (cccDNA) interaction with HBV, thus accelerating the occurrence of HCC (Feng et al., 2019). A clinical study has reported that there is a negative correlation between the enrichment of CD34 and PCNA. In AFP-negative HCC patients, the expression of CD34 is high and that of PCNA is low. In our study, CD34 and PCNA were significantly upregulated in HCC mice, but significantly downregulated after treatment with nsPEFs. The limitation in our study is that we did not detect the level of serum AFP in mice (Cui et al., 2018). TUNEL, contrary to PCNA, is an indicator of the degree of apoptosis. PCNA showed positive results in the M group and was significantly downregulated in the N group, while TUNEL was not expressed in the M group, but significantly up-regulated in the N group. This is strong evidence that nsPEFs inhibit the proliferation of tumor cells.
Our study is the first to report the characteristics of the gut microbiome and serum metabonomics in mice after nsPEF ablation. A total of 21 normal mice, 10 HCC model mice, and 10 nsPEF-treated mice underwent 16S rRNA gene sequencing. The results displayed that the total microbial composition was significantly different among the three groups. Seven genera, including Bacteroides, Streptococcus, and Blautia, were enriched in the C group, while Akkermansia, Lachnospiraceae_NK4A136_group, Alistipes, and Clostridia_UCG-014 were enriched in the M group. As for the N group, the abundance of Dysgonomonas, Enterobacteriaceae_unclassified, Escherichia Shigella, and Proteus was significantly higher than that of the other two groups. The NMDS analysis and PCoA confirmed a significant divergence among the C, M, and N groups in terms of gut microbiome community composition.
The findings of this study confirm previous reports that nsPEFs play an antitumor effect by inducing tumor cell apoptosis and inhibiting neovascularization (Ren et al., 2013; Miao et al., 2015; Rossi et al., 2019). Our innovation is to confirm the effectiveness of nsPEFs as a new generation of minimally invasive ablation tools for HCC through gut microbiome and serum metabonomics analysis. In the study by Dong et al., pigs were treated with nsPEFs, and the effects of nsPEFs on serum metabolism and gut microbiome were observed by multiomics analysis (Dong et al., 2021). However, their research focused on the metabolic changes associated with liver injury and the changes in microflora pre- and post-treatment, and there was no animal model of HCC.
The stable gut microbiome provides internal environmental support for the normal metabolism of the host. When the normal gut microbiome is changed and pathogenic bacteria invade, it will lead to a variety of diseases. In our study, compared with healthy mice, the gut microbiota diversity of HCC mice increased significantly. Eight genera including Alistipes, Muribaculaceae, Anaerotruncus, and Lachnospiraceae_A2 were predominant in the M group, while they decreased in the N group and were lowest in the C group.
Alistipes belongs to the Bacteroidetes phylum. Alistipes has been isolated from the feces of patients with appendicitis and rectal abscess (Parker et al., 2020). In the gut microbiome of patients with major depressive disorder, the abundance of Alistipes was detected to increase significantly. The abundance of Muribaculaceae was detected in patients with cholangiocarcinoma (Jiang et al., 2015), whereas the abundance of Muribaculaceae was detected in patients with cholangiocarcinoma (Zhang et al., 2021). Anaerotruncus has also been reported to play a role in the obesity process in mice (Kong et al., 2019). By referring to the literature, we found that the gut microbiome also changed in the process of CRC (Yang et al., 2022), diabetes (Zhuang et al., 2021), aging (Ma et al., 2020), and other diseases. Therefore, we speculate that the increase of these harmful bacteria in the gut microbiome may be involved in the progression of HCC, and the gut microbiome will gradually transition to normal after effective treatment with nsPEFs.
The gut microbiota plays an indispensable role in the occurrence and development of many diseases. In previous studies, we have reported changes in the gut microbiota of normal people and cirrhotic and HCC patients (Ren et al., 2019). Through cross-regional verification, the candidate bacteria that may cause the occurrence and development of HCC were found. The gut microbiota is also used as a convenient non-invasive diagnostic tool in other common liver diseases such as primary biliary cholangitis (PBC) (Tang et al., 2018), autoimmune hepatitis (AIH) (Lou et al., 2020), and NAFLD (Caussy et al., 2019), and the prognosis model is established by the gut microbiome.
Because of its convenient and non-invasive characteristics, serum metabonomics is increasingly used in the diagnosis of diseases and the establishment of prognostic models. For example, in NAFLD (Lewinska et al., 2021), liver failure (Yu et al., 2021), PBC (Bell et al., 2015), and other diseases, through the metabonomics analysis of the serum of normal and diseased people, we can well-distinguish between normal and diseased people. Metabonomics is also often combined with gut microbiome analysis to establish multi-group diagnostic models (Gao et al., 2019; Gong et al., 2020; Lu et al., 2021). In our study, through serum metabonomics and gut microbiome, we found that HCC mice had flora and metabolic disorders in the process of disease progression, and we also confirmed the effectiveness of nsPEFs in the treatment of HCC in animal models.
Some bacterial abundance was positively correlated with the production of serum metabolites, while some showed an obvious negative correlation. The correlation analysis between metabolism and microorganisms provides a new perspective for the multiomics study of nsPEFs. In short, under the effect of nsPEFs, the flora disorder was modified, and the intestinal microorganisms played a role by interfering with the metabolic pathway of serum.
As an electric field-dependent ablation technique, the primary target of nsPEFs is cellular DNA (Chen et al., 2012). Under the stimulation of a high-intensity electric field and ultrashort pulse, the double helix structure of DNA is irreversibly destroyed, which eventually leads to apoptosis after a series of cascade reactions. This process is accompanied by the rupture of the cell membrane and plasma membrane. In a recent report, clinical trials were conducted using nsPEFs in HCC patients (Xu et al., 2022).
The limitation of our study is that there is no detection of serum biochemical indexes in HCC and nsPEF-treated mice. As a substantial organ of the human body, the liver participates in a variety of metabolic reactions, and the destruction of hepatocytes is often accompanied by the abnormality of serum biochemical indexes. It has been reported that liver function will be enhanced temporarily within a few days after nsPEF ablation and return to normal after 7 days (Dong et al., 2021). For the HCC mice, whether it will also cause transient liver injury after nsPEF ablation and the duration of liver injury remain to be explored. Furthermore, we have found that there is a significant correlation between serum metabolites and gut microbiome in mice after nsPEF ablation. We speculate that intestinal microorganisms may affect the health of the host by interfering with some metabolites in the metabolic pathway, but the real causal relationship between the two requires further study.
The liver has two sets of blood supply systems, the portal vein and hepatic artery. The blood vessels are complex and diverse. The growth of HCC is inseparable from blood supply. Traditional thermal ablation methods such as radiofrequency ablation (RFA) and microwave ablation may cause thermal damage to the vascular and bile duct system of the adjacent lesions, resulting in complications. At the same time, blood vessels take away the heat from the ablation area, which will lead to incomplete ablation, which is one of the reasons for recurrence after RFA. The nsPEFs do not damage blood vessels and bile ducts and do not produce the heat-sink effect. They have a good ablation effect on high-risk tumors, such as, besides the bile duct, the blood vessel, the first hepatic portal area, and the second hepatic portal area. Therefore, it is of great significance to explore the serum metabonomics and gut microbiome of HCC mice after nsPEF ablation, which is of great significance for the microecological changes caused by nanosecond pulse and its possible mechanism.
In conclusion, as a new minimally invasive tumor ablation method, nsPEFs have a great application prospect. This study confirmed the effectiveness of nsPEFs in HCC mice and presented the characteristics of the gut microbiome and serum metabonomics in nsPEF-treated HCC mice for the first time. The local ablation of nanosecond pulses causes systematic effects. The nanosecond pulse is expected to break the immunosuppressive microenvironment and reshape the intestinal microecology in the digestive tract. This study provides a new perspective for intestinal microecology to activate the immune response and participate in immune reconstruction in nanosecond pulse, suggesting that the combination of pulsed electric field and microecology may be a new strategy for comprehensive treatment of HCC.
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Introduction

PTGES3, also known as p23, is a molecule chaperone of Hsp90 that is involved in the pathogenesis of malignant tumors. Increasing studies have shown that PTGES3 plays a nonnegligible role in tumor development. However, analysis of PTGES3 in pan-cancer has not been performed yet.





Methods

We explored the role of PTGES3 in 33 types of tumors and depicted the potentialimmune-related pathways among them. Using multiple databases includingTCGA, LinkedOmics, GDSC, and TIMER, we made a comprehensive analysis to explore whether there was an interaction between PTGES3 and prognosis, DNA methylation, copy number variation (CNV), tumor mutational burden (TMB), microsatellite instability (MSI), and tumor immune microenvironment (TME).





Results

Our study revealed that PTGES3 expression level was upregulated in most cancers. PTGES3 was also associated with a positive or negative prognosis in a variety of cancers, which was mainly associated with DNA methylation, CNV, MSI, TMB, andmismatch repair-related genes. High PTGES3 expression was related to the infiltration of Th2 subsets of CD4+ T cells and immune checkpoint-related genes in most cancers, especially in hepatocellular carcinoma (HCC). Enrichment analysis demonstrated that PTGES3 was involved in cellular processes including DNA replication and spliceosome. The relationship between PTGES3 expression and HCC progression was verified at the protein level through immune histochemical analysis.





Conclusions

Our research demonstrated theprognostic predictive value of PTGES3 in a wide range of cancers, which was alsoassociated with the process of tumor immune infiltration. As a result, it suggestedthat PTGES3 was a valuable prognostic biomarker in HCC treatment.
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1 Introduction

Cancer remains a major health problem worldwide. Traditional treatments such as surgery, radiotherapy, and chemotherapy have their own limitations, and new treatments, such as molecular treatments, endocrine therapy, and immunotherapy, have attracted much attention. As a result, the exploration of novel biomarkers is urgent for the diagnosis, prognosis, and individualized therapy in cancer (1).

Prostaglandin E synthase enzyme 3 (PTGES3), also known as p23, is an oncogene mediating the expression of prostaglandin E2 (PGE2), which promotes tumor growth through multifactorial mechanisms such as upregulating anti-apoptotic genes (2). Furthermore, the COX/prostaglandin (COX/PG) pathway affects the progression of cancer mainly by the production of PGE2 (3). PTGES3 helps Hsp90 with protein folding and stabilizing in a wide range of proteins, which is proven to be involved in various biological processes and tumor pathogenesis (4). It is suggested that PTGES3 may be considered as a potential biomarker and therapy target. However, the role played by PTGES3 in cancer has only been reported in a few studies, and for only a few types of cancer. No bioinformatic analysis of PTGES3 in pan-cancer has been performed yet.

Therefore, we performed a comprehensive analysis of the association between PTGES3 expression and prognosis in 33 types of cancer via databases covering TCGA, LinkedOmics, GDSC, and TIMER. Furthermore, we investigated the potential genetic alteration of PTGES3 in various cancer types, which included copy number variation (CNV), DNA methylation, tumor mutational burden (TMB), and microsatellite instability (MSI). Immune infiltration levels of PTGES3 and the co-expression levels between PTGES3 and immune cell-related marker genes were also studied. Additionally, immunohistochemistry was used to confirm PTGES3 expression in HCC at the protein level, and the enrichment analysis was performed to probe the cellular functions of PTGES3 involved in HCC. Our study demonstrated that PTGES3 had an essential role in a wide range of cancers, indicating the prognostic potential of PTGES3 in hepatocellular carcinoma.




2 Materials and methods



2.1 Database source and expression analysis

UCSC Xena (https://xena.ucsc.edu/), a platform offering phenotype data of TCGA (https://tcga.xenahubs.net) to explore gene expression in cancer, was used to collect the RNA sequencing data, related survival and clinicopathological data, and somatic mutation data (5). The downloaded datasets were transformed using Strawberry Perl (Version 5.32.0, http://strawberryperl.com/) to evaluate PTGES3 expression in 33 tumors. The number of tumors of each type is shown in Table S1. The PTGES3 expression data were converted using the Log2 function, and two sets of t-tests were performed on each tumor type through the R software (Version 4.1.1). p < 0.05 was taken into account demonstrating differential expression between tumor and normal tissues. The results were presented via a boxplot using the “ggpubr” R package. We also compared the expression of PTGES3 in cancer samples and normal control using the TIMER2.0 database (6) as a supplement. Clinical proteomic tumor analysis consortium (CPTAC) (7) data were selected through the UALCAN database (http://ualcan.path.uab.edu/analysis-prot.html) to analyze PTGES3 expression at the protein level. Furthermore, we explored the relationships between PTGES3 and clinical phenotypes through the “Gene_ Outcome” module in TIMER 2.0. Clinical phenotypes such as tumor stage, gender, age, and race were selected to explore their association with PTGES3 expression.




2.2 Prognostic analysis of PTGES3 in pan-cancer

Overall survival (OS) and disease-specific survival (DSS) were selected to estimate the relationship between PTGES3 expression and prognosis in 33 types of cancer through Kaplan–Meier analyses and univariate Cox regression (uniCox) analyses with the R packages “survival” and “survminer”.




2.3 Methylation and CNV profile of PTGES3 in pan-cancer

Gene Set Cancer Analysis (GSCA) (http://bioinfo.life.hust.edu.cn/web/GSCA/) is a web server integrating multi-omics data from the TCGA database (8). The “mutation” module was selected for probing the connection between CNV, DNA methylation, and PTGES3 expression in pan-cancer.




2.4 Correlation between PTGES3 expression and TMB, MSI, and mismatch repair gene expression

TMB functions as a measurable immune-response factor indicating the amount of tumor cell mutations (9). MSI is brought on by MMR deficiencies that are associated with patient outcomes (10). Strawberry Perl was used to determine TMB scores in which the results were then adjusted through by dividing the sum of the exons. The somatic mutation data from TCGA were selected calculating the MSI scores of all samples through the link between TMB, MSI, and PTGES3 expression with Spearman’s rank correlation coefficient. The R packages “reshape2” and “RColorBrewer” were selected to generate the result in the form of heatmap. MMR was a cellular repair system for DNA. The abnormal expression of MMR-related genes was reported to lead to a higher frequency of somatic mutations with DNA replication errors that could not be repaired (11). The MMR genes’ expression in various cancers was assessed using expression profile data from TCGA. The correlation between PTGES3 expression and MMR-related genes was also determined. The results were visualized via “reshape2” and “RColorBrewer” R packages.




2.5 Immune infiltration analysis of PTGES3

Firstly, we calculated the level of immune cell and stromal infiltration of tumors using the Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data (ESTIMATE) method with specific gene expression patterns (12). Then, the immune scores and stromal scores of tumors and their relationship with PTGES3 expression were put into calculation through the “estimate” and “limma” R packages.

Furthermore, the association between immune cell subset infiltration and PTGES3 in pan-cancer was analyzed through the TIMER2.0 database. The purity and infiltration level with log2 TPM as scale were illustrated by the “Immune Estimation” module of TIMER2.0. The p-values were obtained using Spearman’s correlation test.

In addition, we performed a co-expression analysis of PTGES3 and immune checkpoint-related genes using the R-package “limma”. Pearson correlation coefficients were calculated and the results were visualized using the “reshape2” and “RColorBreyer” R packages.




2.6 Drug sensitivity evaluation of PTGES3

The half-maximal inhibitory concentration (IC50) is the concentration necessary to suppress drug concentration by 50%. The correlation between PTGES3 expression and the IC50 of drugs in the GDSC database was explored in pan-cancer through the GSCA portal. We further divided samples of LIHC into a high-expression group and a low-expression group through the median expression of PTGES3 with the “limma” R package. The drug response of targeted therapy and chemotherapy for groups was examined using the “pRRophetic” R package and visualized in boxplot by the “ggplot2” R package. p < 0.05 was considered statistically significant.




2.7 Clinical factor analysis of PTGES3 in HCC

The correlation between PTGES3 expression and the clinical characteristics of HCC was analyzed, including pathologic stage, histologic grade, and tumor (T) stage. Meanwhile, univariate and multivariate Cox regression were carried out in order to further assess the prognostic value of PTGES3 in HCC patients. We also built a nomogram to explore the function of PTGES3 in the clinical prognosis of HCC, whose accuracy was verified by a calibration curve.




2.8 Gene enrichment analysis of HCC

Linkedomics (http://www.linkedomics.org/login.php) provided multi-omics data on tumors publicly, helping researchers to conduct tumor-related analytical research from multiple perspectives (13). We identified differential genes co-expressed with PTGES3 in HCC using the LinkFinder module, which were obtained via LinkFinder from the Firehose_RSEM_log2 (TCGA-LIHC cohort) dataset with Pearson’s correlation coefficient. Furthermore, these genes were visualized and subjected to Gene Ontology (GO) analysis and Genes and Genomes (KEGG) pathway enrichment analysis to investigate the potential functions of PTGES3 involved in the progression of HCC. Gene Set Variation Analysis (GSVA) of PTGES3 in HCC was also performed using the “GSVA” R package, in which the pathways significantly enriched were thought to be associated with PTGES3 expression. We choose “c2.cp.kegg.v7.1.symbols.gmt” as the reference gene set and p < 0.05 was considered statistically significant. The String database was selected to speculate the possible interaction network of PTGES3 (14).




2.9 Clinical sample and data collection

We collected 80 HCC tissues and paired non-cancerous tissues with all participants providing written informed consent. This research was approved by the Affiliated Hospital of Qingdao University Ethics Committee. The clinical data of these samples were also collected to verify the correlation between PTGES3 expression and clinical characteristics.




2.10 Immunohistochemistry analysis

Once resected, fresh tissue samples were obtained and fixed in 10% formalin. They were then placed on a glass slide, sliced into 3- to 4-μm-thick sections, and baked for 2 h at 60°C. The slides were then hydrated using an alcohol gradient and dewaxed with xylene. With 0.3% H2O2, the endogenous peroxidase activity was inhibited for 20 min. Following antigen retrieval, the slides were treated at 4°C for an overnight period with primary rabbit antihuman PTGES3 antibodies (1:500, ab133315, Abcam) before being incubated at 37°C for an additional 30 min with secondary anti-horseradish peroxidase antibodies. Hematoxylin-stained tissue slices were analyzed using 3,3′-diaminobenzidine (DAB). Finally, the pictures were collected using light microscopy following dehydration and sealing. We also determined the average optical density (mean density) of each image using ImageJ with blinding and compared the PTGES3 expression between HCC tissues and adjacent noncancerous tissues using an unpaired t-test.




2.11 Statistical analysis

The R 4.1.1 was used for statistical analysis. Two sets of t-tests were performed to identify differential expression between tumor and normal tissues on each tumor type. The Kaplan–Meier (KM) method and Cox regression analysis were implemented to assess the survival assays. Spearman or Pearson correlation analyses were performed to clarify the correlation between the groups. GraphPad Prism 8.0 software was used for experimental statistical analysis with unpaired t-tests. p < 0.05 was considered statistically significant.





3 Results



3.1 Basic expression of PTGES3 in pan-cancer

We first analyzed PTGES3 expression in pan-cancer to determine the function of PTGES3 in carcinogenesis. By analyzing the obtained TCGA data, our results showed relatively high PTGES3 expression in 14 cancer types compared to normal tissues, covering liver colon adenocarcinoma (COAD), hepatocellular carcinoma (LIHC), lung squamous cell carcinoma (LUSC), esophageal carcinoma (ESCA), cholangiocarcinoma (CHOL), head and neck squamous cell carcinoma (HNSC), kidney renal papillary cell carcinoma (KIRP), lung adenocarcinoma (LUAD), breast invasive carcinoma (BRCA), glioblastoma multiforme (GBM), stomach adenocarcinoma (STAD), prostate adenocarcinoma (PRAD), bladder urothelial carcinoma (BLCA), and rectum adenocarcinoma (READ) (Figure 1A). We also found that PTGES3 was downregulated in kidney chromophobe (KICH). Furthermore, results in TIMER2.0 were similar to our results, which demonstrated differential expression in LIHC, ESCA, COAD, CHOL, HNSC, LUAD, LUSC, BRCA, STAD, READ, BLCA, and KICH (Figure 1B). The results of the CPTAC dataset indicated that the protein expression level of PTGES3 was significantly higher in tumor tissues than in normal tissues in COAD, BRCA, KIRC, OV, UCEC, LUSC, LIHC, and HNSC, but downregulated in GBM and no significance in PAAD (Figure 1C). The results in TIMER2.0 indicated that PTGES3 expression levels significantly correlated with clinical phenotypes of patients in BRCA, KIRP, LIHC, LUAD, and PRAD, which included tumor stage, race, gender, and age (Figure 1D). Furthermore, correlation analysis was performed using all these phenotypes adjusted with tumor purity, and the significant correlations were found in BRCA (Lumb), KIRP, LIHC, and LUAD.




Figure 1 | Differential expression of PTGES3. (A) PTGES3 expression in pan-cancer from the TCGA database. (B) TIMER2 analysis of PTGES3 expression in pancancer (C) Protein expression of PTGES3 from the CPTAC database. TIMER2 analysis of correlation between PTGES3 and clinical characters in pancancer, covering tumor stage (D) TIMER2 analysis of correlation between PTGES3 and clinical characters in pan-cancer, covering tumor stage, gender, age, and race. *p < 0.05; **p < 0.01; and ***p < 0.001.






3.2 Prognostic analysis of PTGES3

The survival association for pan-cancer was processed to explore the association between PTGES3 expression level and prognosis of cancer patients. Our Kaplan–Meier survival results indicated that the relatively high PTGES3 expression was associated with poor OS in patients with BRCA, MESO, KIRP, LIHC, ESCA, and LUAD, while higher PTGES3 expression in patients with COAD and OV had a better OS (Figure 2A). The role played by PTGES3 in the DSS of tumor patients was observed for further evaluation (Figure 2B). The results revealed a correlation between relatively high PTGES3 expression and poor DSS in LUAD, ACC, LIHC, KIRP, MESO, and KICH, and a better DSS was also found in patients with COAD and OV. In addition, our Cox proportional hazards model analysis demonstrated that PTGES3 expression was associated with OS in BRCA, ESCA, HNSC, ACC, KIRP, LIHC, LUAD, MESO, and PRAD, particularly KIRP (hazard ratio = 5.131) (Figure 2C). It also revealed the associations between high PTGES3 expression and poor DSS in ACC, ESCA, KICH, KIRP, LUAD, MESO, and PRAD patients (Figure 2D). Our results indicated that PTGES3 expression might have a prognostic value in a wide range of cancer, especially LIHC, ESCA, MESO, and LUAD.




Figure 2 | Survival landscape of PTGES3. (A) Significant relationship of PTGES3 expression and OS in n types of cancer based on Kaplan–Meier analysis. (B) Significant relationship of PTGES3 expression and DSS in n types of cancer based on Kaplan–Meier analysis. (C) Correlation between PTGES3 expression and OS based on univariate Cox regression analysis (D) Correlation between PTGES3 expression and DSS based on univariate Cox regression analysis. OS, overall survival; DSS, disease-specific survival.






3.3 Methylation and CNV profile of PTGES3 in pan-cancer

Using the GSCA database, the correlation between PTGES3 expression and CNV was investigated. In HNSC, BLCA, OV, LUSC, and LUAD, PTGES3 expression was substantially correlated with CNV (Figure 3A). Adversely, there was no significant correlation in diffuse large B-cell lymphoma (DLBC), PCPG, THCA, LAML, UVM, CHOL, READ, and KICH. The highest correlated tumor types were demonstrated (Figure 3B). We also explored the PTGES3 methylation landscape in pan-cancer (Figure 3C). It showed that PTGES3 methylation was strongly associated with PTGES3 expression in most cancer types except GBM, PRAD, LIHC, KICH, LAML, CHOL, and UCEC. The most correlated types such as TGCT, LUSC, and BRCA were demonstrated (Figure 3D).




Figure 3 | Genetic alteration, DNA modification, and drug sensitivity of PTGES3 in pan-cancer. (A) Correlation between PTGES3 expression and CNV in pan-cancer obtained from the GSCA platform. (B) Feature plot demonstrating the most correlated cancer types in CNV. (C) Correlation between PTGES3 expression and DNA methylation in pan-cancer obtained from the GSCA platform. (D) Feature plot demonstrating the most correlated cancer types in DNA methylation. (E) Relationship between PTGES3 expression and tumor mutational burden (TMB). (F) Correlation between PTGES3 expression and microsatellite instability (MSI). (G) Correlation between PTGES3 expression and five MMR-related genes in 33 types of cancer. (H) The most sensitive drugs of PTGES3 in pan-cancer via the GDSC database. (I) Box plot showing the drugs sensitive to PTGES3 expression in hepatocellular carcinoma (HCC). CNV, copy number variations; MMR, mismatch repair. *p < 0.05; **p < 0.01; and ***p < 0.001.






3.4 Correlation analysis of PTGES3 with TMB, MSI, and mismatch repair genes

We investigated the correlations between TMB, MSI, and PTGES3 expression in order to find whether PTGES3 had sensitive correlations with immune checkpoint inhibitors. Our results showed that PTGES3 expression was correlated with 12 types of tumor in TMB and 10 types of tumor in MSI (Figures 3E, F). In addition, the co-expression association between PTGES3 expression and MMR-related genes was analyzed, which included EPCAM, MSH6, MLH1, PMS2, and MSH2 (Figure 3G). The illustrated results indicated that MMR gene expression was substantially positively correlated with PTGES3 expression.




3.5 Analysis of PTGES3 drug sensitivity

Using the GSCA database, we obtained the relationship between drug IC50 and PTGES3 expression in the GDSC database in pan-cancer. The 11 drugs most significantly correlated was illustrated, in which both TGX221 and NPK76-II-72-1 had a correlation above 0.2 (Figure 3H). Subsequently, we further explored the drug sensitivity of PTGES3 in HCC by dividing the samples of LIHC into high-expression and low-expression groups according to PTGES3 expression. The results showed that 106 drugs were significantly different between the two groups (Figure 3I).




3.6 Analysis of PTGES3 expression in tumor immune infiltration

Since PTGES3 expression had an association with TMB and MSI that affects the sensitivity of immunotherapy in multiple types of tumors, we explored the influence of PTGES3 expression on the abundance of tumor cell infiltrates. We firstly calculated the immune and stromal scores across human cancers via the ESTIMATE method. The scatter plot indicated that PTGES3 was correlated with BRCA, HNSC, PAAD, SARC, and UCEC in both scores significantly (Figure 4A). Meanwhile, the XCELL and TIDE algorithms were selected to explore the association of immune cell infiltration level and PTGES3 expression. The results demonstrated that PTGES3 was significantly negatively correlated with CD4+Th1 cells and NKT cells and positively correlated with CD4+Th2 cells, common lymphoid progenitors, and myeloid-derived suppressor cells (MDSCs) of various tumors (Figure 4B). The co-expression analysis showed marker genes of immune cells having a significant positive correlation with PTGES3, remarkably in HCC (Figures 4C, D). In addition, we also looked for correlation analysis between common immune checkpoint-associated marker genes and PTGES3, finding that PDCD1, CTLA4, HAVCR2, and TIGIT, and the expression of other classical immunosuppressive genes showed significant correlation over a wide range of cancers including LIHC, suggesting that there was a potential regulation of PTGES3 expression in the immune function of HCC (Figure 4E).




Figure 4 | Relationship between PTGES3 expression and pan-cancer tumor immune infiltration. (A) Correlation between PTGES3 expression and the ESTIMATE score of the tumor microenvironment in pan-cancer. (B) The correlations of PTGES3 mRNA expression and immune cell infiltration across human cancers according to the TIMER2.0 database. (C, D) Relationship between PTGES3 expression and classic immune checkpoint-related genes. (E) Relationship between PTGES3 expression and specific immune cell marker genes. *p < 0.05; **p < 0.01; and ***p < 0.001.






3.7 Clinical correlation analysis of PTGES3 in HCC

In order to further explore the function of PTGES3 in the progression of HCC, we analyzed the association between PTGES3 expression and clinical phenotypes in hepatocellular carcinoma samples from TCGA. A higher PTGES3 expression was found in the higher pathologic stage, histologic grade, T stage, alpha-fetoprotein (AFP) level, and vascular invasion (Figures 5A–E). The univariate and multivariate Cox regression analyses were also selected to evaluate the impact of PTGES3 in HCC; the results revealed that PTGES3 was an independent predictive factor in HCC (Figure 5F). Additionally, we built a nomogram using PTGES3 expression and the pathologic stage to support the application of PTGES3 in HCC clinical evaluation (Figure 5G). The calibration curve was also made to evaluate the model’s accuracy for the prognostic assessment of HCC patients after 1, 3, and 5 years (Figure 5H). The ideal accuracy was found in our nomogram according to the results.




Figure 5 | Correlation between PTGES3 expression and clinicopathologic features in HCC. (A–E) Correlation between PTGES3 expression and the pathological stage, histological grade, clinical T stage, alpha-fetoprotein (AFP) level, and vascular invasion in HCC. (F) Prognostic significance of PTGES3 in hepatocellular carcinoma was analyzed by univariate and multivariate Cox analyses. (G) Nomogram based on PTGES3 expression and pathological staging. (H) Correction analysis diagram of the nomogram. (I) Representative images of PTGES3 expression in the HCC tissues and adjacent normal liver tissues, analyzed by immunohistochemistry; original magnifications: ×40 and ×200. Scale bars: 50 μm. (J) Quantitative analysis of PTGES3 expression in HCC tissues based on mean density of immunohistochemical staining. (K) Survival analysis of PTGES3 expression in the collected samples. HCC, hepatocellular carcinoma; *p < 0.05; **p < 0.01; ***p < 0.001; and ****p < 0.0001.



The protein expression level of PTGES3 was observed in HCC and paired normal tissues using immunohistochemistry, and our results demonstrated a higher protein expression level of PTGES3 in hepatocellular carcinoma tissues (Figures 5I, J). Subsequently, we collected the clinical data from these samples and explored the correlation between the PTGES3 protein expression level and clinical characteristics, from which we only found that PTGES3 expression correlated with the pathological tumor stage (Table 1). Furthermore, we performed survival analysis using our clinical data, and the results demonstrated that patients with a higher PTGES3 level led to a poor survival, which was consistent with our results from the online database (Figure 5K). Our results suggested that higher PTGES3 expression could be associated with malignant tumor development and worse prognosis in HCC patients.


Table 1 | Clinical and pathological features of HCC patients.






3.8 Gene enrichment analysis of PTGES3 in LIHC

For further analysis of PTGES3 in the regulation of HCC progression, we obtained the genes co-expressed with PTGES3 in HCC via the LinkedOmics database. Volcano plots depicted genes correlated with PTGES3, and the heatmaps demonstrated 50 positive and negatively correlated differentially co-expressed genes (Figures 6A, B). The KEGG and GO enrichment analyses were then performed to explore the pathways in which PTGES3 was involved in HCC progression. Biological progression results from GO enrichment analysis revealed dense chromosomes, ribonucleoprotein complex biogenesis, translation initiation, RNA localization, and telomere organization as the most enriched categories (Figure 6C). Spliceosome complexes, ribosomes, sm-like protein family complexes, chromosomal regions, and rRNA metabolic processes were significantly enriched in cellular components (Figure 6D). As regards, molecular function, single-stranded RNA binding, unfolded protein binding and catalytic activity, acting on RNA, structural constituent of ribosome, and mRNA binding were mainly enriched (Figure 6E). The results of KEGG analysis showed a significant enrichment of co-expressed genes in spliceosome, ribosome, RNA transport, DNA replication, and cell cycle pathways (Figure 6F). GSVA was performed to further investigate the biological influence of PTGES3 in HCC. We presented the top 15 pathways that were significantly correlated with PTGES3, which included RNA degradation, mismatch repair, and other pathways similar to our KEGG results (Figure 6G). After that, we constructed the protein–protein interaction network to speculate the potential interaction between PTGES3 and its related genes via the String database (Figure 6H). Our results revealed that PTGES3 expression was substantially correlated with metabolism-related pathways, such as cell cycle, mismatch repair, and spliceosome.




Figure 6 | Gene enrichment analysis of PTGES3 in HCC. (A) Volcano figure of genes highly correlated with PTGES3 identified by Pearson test in the HCC cohort. (B) Heatmaps showing top 50 genes negatively and positively correlated with PTGES3 in HCC. The most enriched pathways of PTGES3 from GO analysis in (C) biological process (BP), (D) cell component (CC), and (E) molecular function (MF). (F) The enriched pathways of PTGES3 from KEGG analysis (G) The most enriched pathways of PTGES3 from GSVA. HCC, hepatocellular carcinoma. (H) The potential interaction network of PTGES3 was created using the STRING database.







4 Discussion

PTGES3 is also regarded as p23, and its expressed co-chaperone protein p23 has an important regulating function interacting with heat shock proteins 90 (HSP90) as the substrate release factors (15). Upregulation of HSP90 is considered to have a significant influence on various cellular processes and tumor pathogenesis, predicting the poor prognosis of patients with malignant tumor such as HCC (16). Moreover, the aryl hydrocarbon receptor (AHR) in human cells is protected from degradation by p23 and Hsp90 interaction (17). AHR is involved in the occurrence of cancer as a ligand-activated signaling molecule through diverse signal pathways (18). In addition, p23 has been shown to possess other functions, such as interaction with p53 independent of Hsp90 (19). A study demonstrated that elevated p23 enhanced cell motility, which correlated with poor prognosis and a reduction in disease-free survival time in breast cancer patients (20). P23 has also been reported in the development of prostate cancer with anti-apoptotic capacity in malignant cells (21). However, biological information analysis for PTGES3 in pan-cancer has not been performed yet.

It has been reported that elevated PTGES3 expression was observed at BRCA, leading to poor survival according to previous results (22). According to our study, significant differences in PTGES3 expression level were found with 14 types of cancer. Interestingly, a downregulated expression level of PTGES3 was found in KICH. The results of TIMER analysis demonstrated a correlation between PTGES3 expression and clinical features such as tumor stage and age, which was significantly different in LIHC, KIRP, LUSC, and BRCA-lumb. Our Kaplan–Meier survival analysis and the Cox proportional hazards model analysis demonstrated that the upregulated expression of PTGES3 would lead to the poor prognosis in LIHC, ESCA, MESO, and LUAD. In contrast, higher PTGES3 expression was related to favorable prognosis in COAD and OV patients. Another research found that PTGES3 was highly expressed in COAD but was not associated with prognosis, which may be due to the different source/database (23). These results suggested that PTGES3 had a significant function in the indicated tumor types with tumor pathogenesis and prognostic prediction.

In addition, we deeply investigated the role of DNA methylation, CNV, and PTGES3 expression through GSCA. Methylation in liver cancer progression could activate the expression of proto-oncogene promoting tumor progression and deteriorate the condition of HCC patients (24). PTGES3 expression was closely related to CNV and DNA methylation. In the era of precision medicine, TMB has influenced the development of immunotherapy and has become a promising pan-cancer prediction biomarker with a significant reference value (25, 26). Similarly, MSI also served as a prognostic biomarker for immune checkpoint inhibitors (ICIs) (27). Our study indicated that PTGES3 expression has influenced TMB in 12 types of cancer and MSI in 10 types of cancer, which affected the response to immune checkpoint inhibitory therapy. PTGES3 expression was also found to be significantly positively correlated with MMR gene expression in most tumors.

Exploring the connection of the tumor immune microenvironment (TME) and tumor cells was important for the removal of tumor cells and immune escape (28). In a wide range of cancer, our investigation found that PTGES3 expression has substantial relationships with the infiltration degree of CD4+ T cells and MDSCs. Th2 cells were known to suppress the development of Th1 cells and the release of IFN-γ, but they also secreted IL-4 and IL-10, which stimulated the growth of tumor cells (29). The strong correlation between PTGES3 and these different immune cell types suggests that PTGES3 affected the polarization of Th2 and macrophage cells, which, in turn, promoted the tumor development. Immune checkpoints were crucial immunomodulators for maintaining immunological homeostasis and avoiding autoimmunity, which consisted of inhibitory and stimulant pathways that were essential for regulating the kind, intensity, and duration of immune responses (30). P23 exhibited cytosolic PTGES3 activity, where it increased in peritoneal macrophages reacting with lipopolysaccharide (LPS) (31). It has been found that p23 deficiency increased the phagocytic activity of LPS-induced macrophages, which also stimulated macrophage migration via KIF15 instability (32). Additionally, we discovered a favorable correlation between PTGES3 expression and genes relevant to immunological checkpoints, which included PD-L1, TIGIT, and HAVCR2, especially in HCC, which confirmed the critical role of PTGES3 in liver cancer though regulating tumor immunity and macrophage polarization. These studies suggest that upregulated PTGES3 expression could play a role in the immunosuppressive microenvironment, providing potential immunotherapy targets in cancer patients.

KEGG and GSVA results revealed that the co-expressed genes of PTGES3 were mainly enriched in processes such as spliceosome, DNA replication, and mismatch repair and downregulated in the regulation of lipolization in adipocytes and fatty acid degradation. Deregulation of cell cycle contributed to the mutation of protein, which was closely associated with harmful cell processes and carcinogenesis (33). Another research demonstrated that PTGES3 might be a predictive prognostic biomarker correlating with DNA regulation and immune infiltrates in LUAD (34). Furthermore, our analysis validated the association between the PTGES3 expression and the pathological stage through our collected clinical data, which were further integrated to build a nomogram for the application of PTGES3 in HCC prognostic assessment. According to our drug analysis, PTGES3 expression was sensitive to 5-fluorouracil (5-Fu) and Sorafenib, which was currently applied in HCC therapy (35). Gedunin is a plant product that can bind p23, thus blocking its function and leading to programmed cell death in malignant cells (36). It has been reported that AIL, a quassinoid natural product, blocked the tumor growth and metastasis of castration-resistant prostate cancer (CRPC) and was regarded as a potential candidate for the treatment of CRPC (37). Another research also reported that AIL inhibited tumor growth in GC cells through downregulating the DNA repair activity of malignant cells, which suggest that PTGES3 has the potential as a therapy target in novel treatments (38). It has been demonstrated that leukemia cells with PTGES3 knockdown had an elevated therapeutic response in bone marrow (39). These results suggested that PTGES3 was involved in tumor oncogenesis through gene alterations and tumor mutation, which had the potential to become a target in individual tumor therapy. Our work still had some limitations. Most of our data were obtained from online databases, which might lead to analytic bias. The detailed mechanisms on how PTGES3 participates in immune dysfunction and HCC oncogenesis remain unknown. Information on the specific pathways of PTGES3 involved in such processes still needs to be investigated. Further analysis should be performed to explore the function of PTGES3 in HCC development.




5 Conclusion

In conclusion, PTGES3 expression in tumor was statistically higher than normal tissues both at the transcriptional and protein levels, which was also linked to their prognosis. PTGES3 expression was also associated with the abundance of immune cell infiltration, the response to ICIs, and multiple pathways related to tumor progression in HCC. Therefore, PTGES3 was suggested as a cancer-promoting biomarker in HCC. Given that multifactorial mechanisms such as immune escape make it difficult to improve the prognosis of HCC, PTGES3 might contribute to HCC targeting therapies in the future.
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Introduction

Hepatocellular carcinoma (HCC) has a high mortality rate worldwide. The dysregulation of RNA splicing is a major event leading to the occurrence, progression, and drug resistance of cancer. Therefore, it is important to identify new biomarkers of HCC from the RNA splicing pathway.





Methods

We performed the differential expression and prognostic analyses of RNA splicing-related genes (RRGs) using The Cancer Genome Atlas-liver hepatocellular carcinoma (LIHC). The International Cancer Genome Consortium (ICGC)-LIHC dataset was used to construct and validate prognostic models, and the PubMed database was used to explore genes in the models to identify new markers. The screened genes were subjected to genomic analyses, including differential, prognostic, enrichment, and immunocorrelation analyses. Single-cell RNA (scRNA) data were used to further validate the immunogenetic relationship.





Results

Of 215 RRGs, we identified 75 differentially expressed prognosis-related genes, and a prognostic model incorporating thioredoxin like 4A (TXNL4A) was identified using least absolute shrinkage and selection operator regression analysis. ICGC-LIHC was used as a validation dataset to confirm the validity of the model. PubMed failed to retrieve HCC-related studies on TXNL4A. TXNL4A was highly expressed in most tumors and was associated with HCC survival. Chi-squared analyses indicated that TXNL4A expression positively correlated positively with the clinical features of HCC. Multivariate analyses revealed that high TXNL4A expression was an independent risk factor for HCC. Immunocorrelation and scRNA data analyses indicated that TXNL4A was correlated with CD8 T cell infiltration in HCC.





Conclusion

Therefore, we identified a prognostic and immune-related marker for HCC from the RNA splicing pathway.
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Introduction

Hepatocellular carcinoma (HCC) is among the causes of high morbidity and mortality rates because it manifests with high heterogeneity and early diagnosis is difficult (1, 2). Surgery and targeted therapy can treat certain patients with HCC; however, many patients present with metastases, postoperative recurrence, and chemoresistance, making prognosis unsatisfactory for them (3, 4). Therefore, the search for HCC biomarkers has important implications in its diagnosis and treatment.

Abnormal gene expression results in abnormal RNA splicing, resulting in disease development (5–7). Studies on genetic and functional data report that RNA splicing factors can affect the tumor process, suggesting that RNA splicing is a crucial target for cancer therapy (8–10). Moreover, abnormal RNA splicing can promote antiapoptotic activity and protect tumor cells from chemotherapy drugs (11). Aberrant RNA shearing can also affect the regulation of tumor immunity (12).

Single-cell RNA (scRNA) sequencing can be used to comprehensively analyze tissue heterogeneity (13). Recently, scRNA sequencing importantly contributed to improving the resolution of identifying the unique characteristics of each cell (13). scRNA sequencing can effectively analyze tumor immune infiltration (14). Therefore, we used scRNA analyses in this study to evaluate the genetic abundance in HCC immune cells.

We aimed to identify a novel biomarker for HCC from the RNA splicing pathway, which could help explore the potential mechanisms underlying the effects of abnormal RNA splicing on HCC.





Data and methods




Data acquisition

A total of 215 RNA splicing-related genes (RRGs) were obtained from Genecards. Gene expression profiles for The Cancer Genome Atlas (TCGA)-liver hepatocellular carcinoma (LIHC) (cancer = 374; normal = 50) and the corresponding clinical data were obtained from Genomic Data Commons TCGA (https://portal.gdc.cancer.gov/). GSE64041 (cancer = 60; normal = 60) and GSE39791 (cancer = 72; normal = 72) were obtained from the Gene Expression Omnibus database (https://www.ncbi.nlm.nih.gov/geo/). The International Cancer Genome Consortium (ICGC)-HCC-Japan (cancer = 241) procured patient gene expression data from the ICGC database (https://dcc.icgc.org/) as well as clinical information. Other databases used in this study included Gene Expression Profiling Interactive Analysis (GEPIA) (http://gepia.cancer-pku.cn/detail.php?clicktag=matrix), The University of Alabama at Birmingham Cancer data analysis Portal (UALCAN) (https://ualcan.path.uab.edu/index.html), Tumor Immune Estimator Resource (TIMER) https://cistrome.shinyapps.io/timer/), and Kaplan–Meier Plotter (https://kmplot.com/analysis/). The single-cell datasets GSE140228 and GSE166635 for HCC were obtained from the Tumor Immune Single Cell Hub 2 (TISCH2) database (http://tisch.comp-genomics.org/home/). Data analysis and visualization tools included R software (version 4.3.2) and the Xiantao tool (https://www.xiantao.love/).





Genetic screening of RRGs for a novel HCC biomarker

First, R was used to analyze the differential expression and prognosis of RRGs. Subsequently, it was used to analyze differential prognosis-related RRGs (|logFC| > 1; hazard ratio [HR] > 1; p < 0.05). The risk model was constructed using least absolute shrinkage and selection operator (Lasso) regression analysis, and studies on genes related to HCC were searched using the PubMed database.





Expression of thioredoxin-like 4A in HCC

We conducted pan-cancer analyses using the TIMER database to identify the expression of TXNL4A. Differences in the expression of TXNL4A in normal and HCC tissues in TCGA-LIHC were analyzed using the R packages and validated in the same way as in the GSE64041 and GSE39791 datasets. The UALCAN and GEPIA online databases were further used to analyze differences in biomarker expression.





Analysis of TXNL4A and its clinicopathological correlation with survival

R was used to analyze the relationship between TXNL4A expression in TCGA-LIHC and ICGC and overall HCC survival. Furthermore, GEPIA and UALCAN databases were used to analyze the correlation between biomarkers and HCC survival and to plot Kaplan–Meier curves. Using clinical data from TCGA-LIHC, Cardinal and Fisher tests were performed to identify the relationship between TXNL4A and clinical characteristics (TNM stage, pathologic stage, histologic grade, vascular invasion, and overall survival [OS]).





TXNL4A as an independent prognostic factor

We performed univariate and multivariate Cox regression analyses to identify independent prognostic factors for HCC and to determine the prognostic impact of TXNL4A and clinical characteristics.





Functional enrichment analyses of biomarkers

To further explore the biological role of biomarker expression in HCC, TCGA-LIHC samples were divided into high- and low-TXNL4A groups based on median TXNL4A expression, and gene set enrichment analysis (GSEA) was performed using all differentially expressed genes (DEGs) between groups. For this step, the GSEA software (version 4.2.3) with the parameters “c2.all.v2022.1.Hs.symbols.gmt,” “500 times,” and “no collapse” were used.





Relationship between TXNL4A and HCC immune infiltration

Because RNA splicing plays a crucial role in cancer immunity (15, 16), the relationship between the expression of TXNL4A and HCC immune infiltration was analyzed using TIMER database and validated using the CIBERSORT algorithm along with the gene set cancer analysis (GSCA) database.





Analysis of single-cell sequencing RNA material

The scRNA sequencing technology is an effective tool for analyzing immune infiltration (17–19) Therefore, two scRNA sequencing datasets (GSE140228_10X and GSE166635) were analyzed to investigate TXNL4A expression in each cell cluster using the TISCH2 database (20).





Statistical analyses

All statistical analyses in this study (Wilcoxon’s rank sum test, t-test, Chi-squared test, and Fisher’s test) were conducted using R software and the Xiantao tool. P-values were two-tailed, and p < 0.05 was considered statistically significant.






Results




TXNL4A was screened as a new biomarker for HCC

The flow chart of this study is shown in Figure 1. Of 215 RRGs, we identified 114 DEGs. Of these DEGS, we identified 74 PRGs (Figure 2A). Thereafter, 100 differential prognosis-related genes were obtained by integrating the previous results (Figure 2B). An HCC risk model with nine RRGs (NCBP2, PHF5A, POLR2L RBM17, RBM22, SF3A3, SF3B4, TXNL4A, and UPF3B) was obtained using Lasso regression analyses. We also analyzed the plausibility of the model (Figures 2C–I). The list of RRGs, gene coefficients, a scoring formula, and risk group details are provided in the Supplementary Material. The PubMed database was searched for articles related to genes and HCC, and the results revealed that TXNL4A might be a new biomarker for HCC.




Figure 1 | Flow chart of the study.






Figure 2 | Prognostic model for hepatocellular carcinoma (HCC): (A) Heat map of differentially expressed genes (DEGs) (B) 74 DEGs exhibiting unfavorable prognoses for HCC (C) Lasso Cox regression model plotting partial likelihood deviation versus log(λ) (D) High-risk rating score resulting in poor overall survival (E) Model exhibiting good predictive performance (F) Risk scores as independent risk factors (G–I) International Cancer Genome Consortium dataset validates the scoring model.







Expression of TXNL4A in HCC

The results of the TIMER database differential analyses indicated that TXNL4A was highly expressed in HCC, BLCA, BRCA, CHOL, COAD, ESCA, KICH, LUAD, LUSC, PRAD, and UCEC datasets (Figure 3A). The analyses of differential gene expression in HCC using R resulted in high TXNL4A expression in the tumor samples (Figure 3B) The same results were replicated in the GSE64041 and GSE39791 datasets (Figures 3C, D). GEPIA and UALCAN databases were used for further validation, and the difference in TXNL4A expression remained significant (Figures 3E, F).




Figure 3 | Differences in the expression of TXNL4A among different datasets: (A) Tumor Immune Estimator Resource database reveals the expression landscape of TXNL4A in pan-cancer analyses (B) The Cancer Genome Atlas-Liver Hepatocellular Carcinoma revealed high TXNL4A expression in cancer tissues (C) TXNL4A expression in the GSE64041 dataset (D) Differential expression of TXNL4A in the GSE39791 dataset (E) Validation of differential expression in the Gene Expression Profiling Interactive Analysis database (F) Validation of differential expression in the University of Alabama at Birmingham Cancer data analysis Portal database. *p < 0.05; **p < 0.01; ***p < 0.001.







Survival analyses

The relationship between TXNL4A and HCC with regard to OS and progression-free interval (PFI) was analyzed using log-rank tests, and all survival analyses revealed that patients with high HCC expression exhibited worse survival than those with low HCC expression (Figures 4A, B) (OS: p < 0.001; PFI: p = 0.002). The ICGC data revealed that patients with low TXNL4A expression had better OS rates (Figure 4C) (p < 0.001). The effects of TXNL4A on the survival of patients with HCC was further validated by analyzing the results on the GEPIA, UALCAN, and Kaplan–Meier plotter databases. All database results revealed that patients with high TXNL4A expression experienced worse prognosis than those with low TXNL4A expression (Figures 4D–F) (GEPIA: p = 0.00013; UALCAN: p < 0.0001; Kaplan–Meier: p = 0.023).




Figure 4 | Effect of TXNL4A on the overall survival (OS) of patients with hepatocellular carcinoma (HCC): (A) In The Cancer Genome Atlas-Liver Hepatocellular Carcinoma, high TXNL4A expression resulted in a poorer OS (B) High TXNL4A expression resulted in a poor disease-free survival (C) Effect of TXNL4A on the OS of International Cancer Genome Consortium samples (D) Validation of differential expression in the Gene Expression Profiling Interactive Analysis database (E) Validation of differential expression in the University of Alabama at Birmingham Cancer data analysis Portal database (F) Effect of Kaplan–Meier plotter to validate the effect of TXNL4A on OS of patients with HCC.







Correlation analyses between TXNL4A expression and clinical characteristics

Results of the Chi-squared test revealed that TXNL4A expression correlated with grade (p < 0.001), T stage (p < 0.001), pathologic stage (p<0.001), levels of serum alpha-fetoprotein (AFP) (p = 0.006), vascular invasion (p = 0.022), OS (p < 0.001), and Disease free survival (p = 0.022). TXNL4A expression showed no correlation with the N-stage (p = 0.648) or M-stage (p = 0.523). The detailed results of all analyses are shown in Table 1.


Table 1 | The relationship between TXNL4A and clinical features of hepatocellular carcinoma.







TXNL4A as an independent risk factor for HCC

To further explore the effect of TXNL4A on HCC, we performed univariate and multivariate Cox regression analyses using R. The results revealed that TXNL4A could be an independent prognostic factor for HCC (univariate: HR (95% confidence interval [CI]): 1.947 (1.364–2.780), p < 0.001; multivariate: HR (95% CI): 1.833 (1.130–2.976), p = 0.014) (Table 2).


Table 2 | TXNL4A is an independent prognostic factor for hepatocellular carcinoma.







Enrichment analysis of TXNL4A

We unveiled the DEG pathways in six groups with high TXNL4A expression. The results revealed that the group with high TXNL4A expression exhibited increased docetaxel tolerance, embryonic stem cells, ROBO receptor signaling pathway dysregulation, tumor invasion, undifferentiated carcinoma, DNA damage, replication, and dysregulation of other pathways (Figures 5A–F).




Figure 5 | Pathways of DEGs in the high-TXNL4A group (A) Docetaxel resistance-related pathway (B) Embryonic stem cell-related pathway (C) ROBO receptor-related pathway (D, E) Tumor invasion-related pathway (F) Tumor-related pathway.







Relationship between TXNL4A and tumor immunity

TIMER database analyses revealed that TXNL4A expression in HCC was positively correlated with the levels of B cells, CD4 T cells, CD8 T cells, macrophages, neutrophils, and dendritic cells (DCs) (Figure 6A). CIBERSORT algorithm analyses revealed high levels of CD8 cells, regulatory T cells, and macrophages M0 in the group with high TXNL4A expression (Figure 6B). The GSCA database revealed that TXNL4A expression was positively correlated with levels of B cells, CD8 T cells, and DCs (Figure 6C) Therefore, TXNL4A may be immunologically correlated with HCC, especially with levels of CD8 T cells.




Figure 6 | The immune analysis: (A) TIMER: TXNL4A correlated with tumor immune infiltration (B) CIBERSORT: reveals a close relationship between TXNL4A and CD8 T cells (C–E) Gene Set Cancer Analysis: TXNL4A expression positively correlates with the degree of infiltration of B cells, CD8 T cells, natural killer cells, and dendritic cells.







Single-cell sequencing data analyses

The expression of TXNL4A in immune cells (GSE140228_10X and GSE166635) in HCC were analyzed using three scRNA cohorts in the TISCH2 database. In GSE140228_10X, TXNL4A was highly expressed in B, CD4, and CD8 cells (Figures 7A–D). In GSE166635, TXNL4A was highly expressed in CD8 T cells and monocytes/macrophages (Figures 7E–H). Previous immune infiltration analyses revealed a positive correlation between TXNL4A and the degree of infiltration of CD4 T cells, CD8 T cells, and DCs in HCC. Therefore, TXNL4A may be a potential factor influencing immune infiltration in HCC.




Figure 7 | TXNL4A in different cell clusters: (A) GSE140228 was identified as 21 cell clusters (B) Cell cluster annotation of GSE140228 (C) Distribution of TXNL4A abundance in immune cell clusters (D) Differential expression of TXNL4A in cell clusters of GSE140228_10X. (E) GSE166635 is identified as 21 cell clusters (F) Cell cluster annotation of GSE166635 (G) Distribution of TXNL4A abundance in immune cell clusters (H) TXNL4A expression in various cell clusters was not significantly different; however, it was predominantly highly expressed in immune cells.








Discussion

Patients with HCC have a high mortality rate because of disease heterogeneity and difficulty in early diagnosis. Furthermore, the metastasis, recurrence, and chemoresistance of HCC make the prognosis of patients with HCC poor (21–23). Therefore, a novel biomarker for HCC would be of great significance to patient health.

Imbalanced RNA splicing significantly threatens human health, often resulting in abnormal glucose metabolism, stroke, cardiovascular disease, and cancer (24). Targeting RNA shear factors is emerging as a potential antitumor therapeutic modality (25–27). Therefore, in this study, we screened HCC marker genes from the RNA splicing pathway. A novel marker gene for HCC, TXNL4A, was identified by constructing a prognostic model for RRGs. TXNL4A is a member of the RNA splicing body U5 snp and exerts oncogenic effects by affecting the homeostasis of RNA splicing (28). During carcinogenesis, the involvement of RNA splicing imbalances is necessary for changes in cellular metabolism, the achievement of growth factor independence, angiogenesis, and the onset of apoptotic resistance (29). TXNL4A expression in HCC, its effects on survival, enrichment analysis of positively and DEGs, and immunoassay results were comprehensively analyzed.

TXNL4A contributes to RNA splicing as a component of the U5 snRNP and U4/U6-U5 tri-snRNP complexes that are involved in spliceosome assembly, and also as a component of the precatalytic spliceosome (28, 30, 31). **Changes in RNA splicing are a source of functional diversity of proteins (32–34).The aberration of RNA splicing can affect HCC progression by altering E3 ubiquitin ligase activity, intercellular adhesion, and DNA methyltransferases (35–37). Abnormal RNA splicing has been reported to reduce cell death and thus affect HCC sensitivity to sorafenib (32). Immunity is primarily regulated by altering the efficiency of cytokine signaling (38).

We analyzed the effect of TXNL4A on survival, where patients with high TXNL4A expression experienced worse OS than those with low TXNL4A expression. The same results were replicated in the ICGC-HCC, GEPIA, and UALCAN databases. On analyzing the relationship between TXNL4A and the pathological HCC features, TXNL4A expression was found to be correlated with T-stage (p < 0.001), pathologic stage (p < 0.001), serum AFP level (p = 0.006), vascular invasion (p = 0.022), and mortality events. In this study, TXNL4A was identified as a prognostic biomarker for HCC and was closely correlated with T-stage, pathologic stage, and serum AFP level. However, TXNL4A did not correlate with N and M stages, which may be because lymph node and distant metastases are not the primary metastatic pathways in HCC (39). TXNL4A may be correlated with vascular invasion because the primary metastatic pathway in HCC is intrahepatic metastasis, and one of the mechanisms underlying metastasis is microvascular infiltration (40–43). Multiple regression analyses revealed that TXNL4A is an independent prognostic factor for HCC. Therefore, we believe that high TXNL4A expression is a potential factor in promoting HCC proliferation and worse OS.

Gene enrichment analyses can better indicate pathways where the genes may be located and allow the exploration of pathways via which they might function (44–46). As mentioned above, high TXNL4A expression is associated with the vascular invasion of HCC. The enrichment analyses also revealed similar results, and the genes in the group with high TXNL4A expression were enriched in tumor invasion-related pathways. Furthermore, GSEA revealed that genes in the group with high TXNL4A expression were highly enriched in pathways of stem cells and undifferentiated cancers. Therefore, this finding suggests that high TXNL4A expression is a risk factor for carcinogenesis.

HCC development has been reported to be highly correlated with tumor immune infiltration. Imbalanced RNA splicing generates recognizable neoantigens by altering the major histocompatibility complex I-binding immunopeptide, which triggers an antitumor immune response in T cells, including CD8 T cells, in the body (47). The RNA splicing pathway affects tumor immunity and is a potential target for tumor immunotherapy (12). TXNL4A is involved in the immune infiltration of pancreatic cancer; therefore, it was hypothesized that TXNL4A might influence the immune infiltration of HCC (15, 48, 49). A series of analyses and validations revealed that TXNL4A expression was positively correlated with levels of CD8 T cells. Targeting CD8 cells is a promising immunotherapeutic strategy for HCC; therefore, TXNL4A may serve as a novel therapeutic target (50–53).

In conclusion, we identified TXNL4A as a novel biomarker for HCC in the RNA splicing pathway for the first time. TXNL4A is highly expressed in HCC, suggesting that TXNL4A is an oncogene in HCC. Using survival analyses, high TXNL4A expression was found to be a potential risk factor for worse HCC prognosis. This study revealed using bioinformatic analyses that TXNL4A can be used as a novel biomarker for prognosis and immune correlation in HCC. Considering TXNL4A is a gene in the RNA splicing pathway, TXNL4A is a promising novel target for RNA shear-targeting drugs or RNA vaccines (24, 54, 55).
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Background

Liver hepatocellular carcinoma (LIHC) is a highly malignant tumor with high metastasis and recurrence rates. Due to the relation between lipid metabolism and the tumor immune microenvironment is constantly being elucidated, this work is carried out to produce a new prognostic gene signature that incorporates immune profiles and lipid metabolism of LIHC patients.





Methods

We used the “DEseq2” R package and the “Venn” R package to identify differentially expressed genes related to lipid metabolism (LRDGs) in LIHC. Additionally, we performed unsupervised clustering of LIHC patients based on LRDGs to identify their subgroups and immuno-infiltration and Gene Ontology (GO) enrichment analysis on the subgroups. Next, we employed multivariate, LASSO and univariate Cox regression analyses to determine variables and to create a prognostic profile on the basis of immune- and lipid metabolism-related differential genes (IRDGs and LRDGs). We separated patients into low- and high-risk groups in accordance with the best cut-off value of risk score. We conducted Decision Curve Analysis (DCA), Receiver Operating Characteristic curve analysis as a function of time as well as Survival Analysis to evaluate this signature’s prognostic value. We incorporated the clinical characteristics of patients into the risk model to obtain a nomogram prognostic model. GEO14520 and ICGC-LIRI JP datasets were employed to externally confirm the accuracy and robustness of signature. The gene set variation analysis (GSVA) and gene set enrichment analysis (GSEA) were applied for investigating the underlying mechanisms. Immune infiltration analysis was implemented to examine the differences in immune between both risk groups. Single-cell RNA sequencing (scRNA-SEQ) was utilized to characterize the genes that were involved in the distribution of signature and expression characteristics of different LIHC cell types. The patients’ sensitivity in both risk groups to commonly used chemotherapeutic agents and semi-inhibitory concentrations (IC50) of the drugs was assessed using the GDSC database. On the basis of the differentially expressed genes (DEGs) in the two groups, the CMAP database was adopted for the prediction of potential small-molecule compounds. Small-molecule compounds were molecularly docked with prognostic markers. Lastly, we investigated the prognostic gene expression levels in normal and LIHC tissues with immunohistochemistry (IHC) and quantitative reverse transcription polymerase chain reaction(qRT-PCR).





Results

We built and verified a prognostic signature with seven genes that incorporated immune profiles and lipid metabolism. Patients were classified as low- and high-risk groups depending on their prognostic profiles. The overall survival (OS) was markedly lower in the high-risk group as compared to low-risk group. Time-dependent ROC curves more precisely predicted patients' survival at 1, 3 and 5 years; the area under the ROC curve was 0.81 (1 year), 0.75 (3 years) and 0.77 (5 years). The DCA curves showed the value of the prognostic genes in this signature for clinical applications. We included the patients' clinical characteristics in the risk model for both multivariate and univariate Cox regression analyses, and the findings revealed that the risk model represents an independent factor that influences OS in LIHC patients. With immune analysis, GSVA and GSEA, we identified that there are remarkable differences between the two risk groups in immune pathways, lipid metabolism, tumor development, immune cell infiltration and immune microenvironment, response to immunotherapy, and sensitivity to chemotherapy. Moreover, those with higher risk scores presented greater sensitivity to the chemotherapeutic agents. Experiments in vitro further elucidated the roles of SPP1 and FLT3 in the LIHC immune microenvironment. Furthermore, four small-molecule drugs that could target LIHC were screened. In vitro qRT-PCR , IHC revealed that the SPP1,KIF18A expressions were raised in LIHC in tumor samples, whereas FLT3,SOCS2 showed the opposite trend.





Conclusions

We developed and verified a new signature comprising immune- and lipid metabolism-associated markers and to assess the prognosis and the immune status of LIHC patients. This signature can be applied to survival prediction, individualized chemotherapy, and immunotherapeutic guidance for patients with liver cancer. This study also provides potential targeted therapeutics and novel ideas for the immune evasion and progression of LIHC.
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1 Introduction

Liver hepatocellular carcinoma (LIHC) is the sixth most frequent cancer and the fourth major cause of death associated with cancer globally, with 782,000 deaths and 841,000 new cases each year. By 2030, more than one million patients are predicted to die of liver cancer (1). LIHC is the most frequent histological form of liver cancer and has a poor prognosis (2). Except for individuals diagnosed early or suitable for potentially curative treatment, the therapy for advanced LIHC is limited by its heterogeneity, and the overall prognosis of patients with LIHC remains unsatisfactory (3, 4). The overall survival (OS) associated with LIHC treatment also remains unsatisfactory. The earlier the diagnosis of primary LIHC, the greater the treatment success rate, which is important for improving the quality of prognosis. Hence, more reliable and sensitive prognostic indicators are urgently required to monitor the progress of LIHC and assess the survival of patients.

Recently, metabolic reprogramming has been recognized as a hallmark of malignancy (5). The contribution of lipid metabolism in the cancer context has attracted growing attention, and the multiple roles of lipids in energy sources, membrane composition and cell signaling are vital for cancer cell (6). In addition, several chemical inhibitors of fatty acid biosynthetic pathways inhibit the development of LIHC: HDAC3 inhibitors destabilize FASN proteins and inhibit the growth of LIHC (7). The combination of targeted SCD and sorafenib may have a synergistic effect on LIHC (8), and a recently developed organic small molecule, fluoxetine, inhibits the endoplasmic reticulum (ER) of SREBP-1 by binding to the SCAP-Golgi translocation complex, thereby strongly inhibiting SREBP-1 activation to suppress LIHC development (9). Consequently, modulation of lipid metabolism has been determined as an underling therapeutic target to enhance the prognosis of LIHC patients. Besides, several researches have tried to develop prognostic models for LIHC patients on the basis of genes related to lipid metabolism (10–12). However, the robustness and effectiveness of single-feature models are relatively poor; therefore, insights into multi-feature signaling models and their prognostic impact in patients with LIHC are required.

Recent researches have suggested that the reprogramming of lipid metabolism is not restricted to tumor cells, but is also strongly linked to the function of the immune cells that permeate the tumor microenvironment. As an example, it has been indicated that lipid oxidative phosphorylation and elevated lipid uptake are necessary for the polarization of tumor-associated macrophages, and CD36, the lipid uptake-associated molecule is determined to be a promising tumor marker (13). Similarly, since NKT cells predominantly identify lipid antigens, alterations in the metabolic status of tumor lipids can alter the lipid antigen pool, which may influence their immunomodulatory function (14). Moreover, Dendritic cells (DCs) from patients with LIHC have an impaired ability to trigger immune responses while promoting immunosuppression. The regulation of lipid metabolism, such as slave FAS during the activation of DCs, affects the endoplasmic reticulum (ER) and Golgi amplification and thus their antigen-presenting capacity (15). Besides, we sought to build a new model for the prediction of prognosis in LIHC patients by incorporating genes associated with immune and lipid metabolism, depending on the interactions between anti-tumor immunity and lipid metabolism. This study aimed to identify LIHC patient subgroups on the basis of various lipid metabolism characteristics, an unsupervised clustering method based on TCGA-CIHC was applied. Comparisons were made between subgroups for differences in the levels of immune infiltration and OS. Least absolute shrinkage with selection operator (LASSO) regression and Cox regression were employed to incorporate immune- and lipid metabolism-related DEGs into the model. Screening was performed using GEO14520 and ICGC-LIRI JP for external verification. We carried out somatic mutation and functional enrichment analyses to investigate potential mechanisms for differences in survival between risk groups. Ultimately, the relation between the risk scores and sensitivity to chemotherapeutic agents and the immune infiltration levels was assessed. Risk models were analyzed at the single-cell level, and drug prediction and molecular docking were performed for risk-associated genes. Prognostic gene expression in normal and LIHC samples was verified via qRT-PCR and IHC. An overview of the flowchart of this study is presented in Figure 1.




Figure 1 | The flow diagram of the present study.






2 Materials and methods



2.1 Data collection and preprocessing

The RNA sequencing data, mutation profiles and clinical information of LIHC patients were downloaded from the TCGA data portal. DEGs were determined through differential analysis of original RNA sequencing data. All of the transcriptome data were transformed logarithmically and transformed to transcripts per million (TPM) before analysis. For the external verification, GSE14520 clinical information together with RNA-sequencing data were acquired from the GEO database. The ICGC-LIRI JP clinical information and RNA-sequencing data were derived from the ICGC. Additionally, 34 gene sets associated with lipid metabolism were acquired from the Molecular Signature Database. These were combined to obtain 1996 lipid metabolism-associated genes (Supplementary Table 1). In addition, we downloaded 2499 genes associated with immune (Supplementary Table 2) from the ImmPort database. After removing duplicate genes, we obtained 1811 immune-related genes.




2.2 Identification of DEGs linked to lipid metabolism and immunity

A differential gene expression analysis of normal and LIHC tissues from the TCGA database was carried out with the 'DEseq2' R package. DEGs with an adjusted P value<0.05 and an absolute fold change (|logFC|) >1 was chosen. We subsequently crossed immune- and lipid metabolism-associated genes with DEGs. In total, 522 LRDGs and 395 IRDGs were determined in follow-up analyses. Detailed information on immune- and lipid metabolism-associated genes is provided in Supplementary Table 3.




2.3 Unsupervised consensus clustering of LRDGs and the analysis of their immune status

Subgroups of patients with LIHC on the basis of LRDGs were determined with 'ConsensusClusterPlus'R package. For ensuring the reproducibility of our method, we set an arbitrary random seed number of 99 in the 'ConsensusClusterPlus' software package and obtained the best number of clusters as 2 according to cumulative distribution function (CDF) curves, cluster consistency, as well as the relative variation of area under the CDF curve to profile clustering indices. Each of the survival curves of clusters was analyzed with Kaplan-Meier method. The immune cell infiltration pattern between normal tissue and tumor microenvironment in LIHC was examined using several immune correlation algorithms such as ssGSEA and CIBERSORT. We also performed the same analysis for lipid metabolism subtypes.




2.4 Construction and validation of a prognostic signature based on both LRDGs and IRDGs

Since there is a strong link between the patterns of immune infiltration and lipid metabolism, we attempted to build a prognostic profile combining IRDGs and LRDGs to evaluate the prognosis of LIHC patients and verify its feasibility. Firstly, the prognostic genes on the basis of 395 IRDGs and 522 LRDGs were chosen in the TCGA dataset via univariate Cox regression ('survival' R package). Candidate genes were subsequently screened with LASSO regression ('GLMNET'R package). Lastly, the candidate genes were subjected to multivariate Cox regression ('survival' R package) and prognostic features were built. By multiplying a linear combination of expression levels of gene with the multivariate Cox regression coefficient (β), a risk score was calculated. The detailed formula for the risk score was identified as below:

	

In this formula,  stands for the level of expression of prognostic signature gene and  for the respective regression coefficient.

In accordance with the median risk score, LIHC patients could be categorized into low- and high-risk groups. Clinical decision analysis (DCA), time-dependent ROC curves and survival curves were also performed on the constructed models, and the curves were plotted to assess their clinical benefits. For external validation, the reliability and accuracy of the seven-gene models were verified using GSE14520 and ICGC-LIRI JP.




2.5 Building and evaluating a predictive nomogram model for patients with LIHC

We incorporated clinical features into a seven-gene risk model and conducted multivariate and univariate Cox regression analyses for each factor. In accordance with the outcomes of multivariate regression, we established a nomogram model for prognostic evaluation through integrating tumor TNM staging into the prognostic labels of seven genes. Based on the prognostic model calibration curves were drawn to identify the predictive reliability of model at 1.3.5 years. DCA was employed for assessing the net clinical benefit of the prognostic model.




2.6 Functional annotation and enrichment analysis

We combined IRDGs and LRDGs for Kyoto Encyclopedia of Genes and Genomes (KEGG) and gene ontology (GO) enrichment analysis ('clusterProfiler' R package) to investigate pathways that may be enriched for tumor development (Supplementary Figure 2). In the Molecular Signatures Database (16), based on the definition of C2 (C2.cp. Kegg.v7.4.symbols.gmt) retrieved from the database, a GSEA was conducted to evaluate underlying differences in biological function between the risk groups. For GSEA, the entries with false discovery rates<0.25 and corrected P-values<0.05 were deemed significant. A genomic variance analysis (GSVA) algorithm was also employed to determine the signaling pathways enriched among both risk groups ('GSVA' R package) based on the 50 tagged signaling pathways highlighted in the molecular signature database (17).




2.7 Tumor immune infiltration analysis

To evaluate the abundance of diverse immune cell infiltrates in tumor tissues of both risk patients, the tumor immune microenvironment was also examined with CIBERSORT algorithm. We calculated the immune fraction, mesenchymal fraction, tumor purity and estimated fraction for each patient with LIHC with the application of an estimation algorithm. Dysfunction, TIDE, as well as exclusion scores were derived from the Tumor Immune Dysfunction and Exclusion website (18) to evaluate the capacity of immune escape together with response to immunotherapy in both risk group. The tumor immunophenotyping (TIP) website is a single-stop platform for rapidly analyzing and visualizing the immune activity that kills tumors (also known as the cancer immune phase). We compared the different phases of the anti-tumor immune responses in both risk patients using the TIP website (Supplementary Figure 3).




2.8 Somatic cell mutation analysis

In view of the somatic mutation models in the TCGA database, the 'MATFOOL' R package was utilized to plot waterfalls to visualize the somatic mutation frequencies and the distribution of various types of mutated genes in low- and high-risk patients.




2.9 scRNA-seq analysis

Tumor Immunological Single Cell Centre (TISCH) database includes 79 high-quality single-cell transcriptomic datasets from 27 tumors in the ArrayExpress and GEO databases, together with the appropriate clinical information, giving detailed cell type annotation at the single-cell level. The database has the benefits of ease of use, data completeness, data visualization and usability (19). The expression and distribution of signature genes in the GSE166635 dataset were visualized from the TISCH database using Unified Streaming Approximate Projection (UMAP) plots.




2.10 Chemotherapy response and small molecule drug screening

Genomics of Drug Sensitivity in Cancer database is a publicly available genomics database of antitumor drug sensitivity devoted to determining molecular markers of cancer and predicting the target responses to antitumor drug (20). We predicted the susceptibility of LIHC patients to nine commonly used chemotherapeutic agents from the GDSC database. The chemotherapeutic drug response was calculated in LIHC patients via applying the 'pRRophetic' R package. The Connectivity Map Database (CMap) is a biologic database that uncovers the functional connections between disease states, genes and small molecule compounds (21, 22). DEGs that were down- and up-regulated in both risk groups were downloaded to the CMAP database for predicting the small-molecule drugs that could be utilized for the treatment of LIHC (p<0.05), revealing the relationship among small-molecule compound function, genes, and disease state. In addition, we utilized the PubChem-accessible chemical database, which gives the three-dimensional structures of small-molecule drugs.




2.11 Molecular docking analysis

We selected prognostic genes with hazard ratios greater than 1 as the target genes. Sequences along with the annotation information for proteins were acquired from the Universal Protein Resource database. Protein structures of the key targets (SPP1, STC2, GAL, and KIF18A) were downloaded from the Protein Data Bank (http://www.rcsb.org,pdb). AutoDock Tools software (version 1.5.6) was used to molecularly dock the key targets for small-molecule drugs. PyMOL software was employed for removing the small-molecule ligands and water molecules, evaluating their binding activity according to docking energy values and finally visualizing the docking results.




2.12 Human specimens

Human specimens were taken from LIHC patients who were admitted to the Department of Hepatobiliary-pancreatic&hernia surgery, Guangdong Second People's Hospital. Seven pairs of LIHC and paracancerous specimens were collected. This work was granted approval by the Medical Research Ethics Committee of Guangdong Second People's Hospital. All of the patients in this work were given written informed consent. After specimen isolation, liver tissue was frozen rapidly in the liquid nitrogen and was stored in a refrigerator at -80°C to prevent degradation.




2.13 qRT-PCR

Total RNA were isolated using Trizol reagent (Invitrogen, Carlsbad, CA, USA). cDNA was amplified using ABI 7500 Fast System (Applied Biosystems, Rockville, MD, USA). The gene of α-Tubulin is used as the reference. The relative expression of genes was calculated by the equation: 2-[(Ct of gene)-(Ct of α-tubulin)], and the Ct represents threshold cycle. The primers are as follows: FLT3, forward 5’- GCCGCTGCTCGTTGTTTT-3’ and reverse 5’-ACACACTTGATCACAGGCAGA-3’; SPP1, forward 5’-AAGCAGCTTTACAACAAATACCCAG-3’ and reverse 5’- TGGACTTACTTGGAAGGGTCTGTG-3’; KIF18A, forward 5’-TGCTGGGAAGACCCACACTAT-3’ and reverse 5’-GCTGGTGTAAAGTAAGTCCATGA3’; SOCS2, forward 5’-TTAAAAGAGGCACCAGAAGGAAC-3’ and reverse 5’-AGTCGATCAGATGAACCACACT-3’.




2.14 Immunocytochemistry

We detected protein expression by IHC experiments for SPP1, FLT3, KIF18A, SOCS2. Fresh human tissues were taken and fixed with 10% formalin overnight, dehydrated, paraffin embedded, sectioned, dewaxed, hydrated, antigen repaired with citrate, peroxidase blocked in liver by 3% H2O2, the primary antibodies SPP1 (1:100, T55333S, Abmart), FLT3 (1:500, T611358S, Abmart), KIF18A (1:50, PK51852S, Abmart), SOCS2 (1:50, R25765, Zen BioScience) were incubated at 4°C overnight. Then, the secondary antibody (1:500, 511203 , Zen BioScience) was incubated for 1 hour at 374°C, DAB color development kit, hematoxylin re-stained, and finally, dehydrated and transparent, neutral treacle sealed. And observed under a microscope, two experienced pathologists performed double-blind readings and scored the percentage of positive cells and staining intensity, respectively. The percentage of positive cells was scored as follows: (5%, 0 points; 5%-25%, 1 point; 26%50%, 2 points; 51%-75%, 3 points; 76%-100%, 4 points. Staining intensity was evaluated according to the following criteria: 0 as colorless; 1 point for light yellow; 2 points for tanning; and 3 points for Brown team. The percentage of positive cells and staining intensity were multiplied to obtain the final score. Among them, 0 was scored as negative (–); weakly positive (+) 1-4, positive (++) 5-8, and strongly positive (++++) 9-12.




2.15 Statistical analysis

R software (version 4.2.0, https://www.r-project.org/) and the related R package were employed to analyze and visualize the data. Comparisons among both groups were made with the Wilcoxon rank-sum test, and comparisons between two or more groups were implemented through the Kruskal-Wallis test. Comparisons of categorical variables were conducted utilizing the chi-square test or Fisher's exact test. The differences between survival curves were identified via applying the log-rank test. Associations between both variables were evaluated with Spearman's correlation test. Statistical significance was set to P<0.05. significant





3 Results



3.1 Identification and exploration of DEGs related to lipid metabolism and immunity

We utilized TCGA-CIHC to identify genes that were differentially expressed between the normal and tumor tissues. We gained 4659 DEGs with criteria of (|logFC|)>1 and P<0.05 (Figure 2A). Additionally, these genes intersect with genes associated with lipid metabolism (Figure 2B), resulting in 522 LRDGs (Supplementary Table 3).




Figure 2 | Exploration of lipid metabolism-related DEGs (LRDGs). (A) TCGA-LIHC volcano map of differentially expressed genes. (B) The Venn diagram displays the intersection of common genes among LIHC-related DEGs and lipid metabolism-related genes. (C) Kaplan-Meier curves for overall survival of LIHC patients in different clusters. (D) unsupervised consensus clustering heatmap. (E) The plot of the relative area changes from k=2 to 9 under the cumulative distribution function (CDF) curve. (F) Consistent CDF plot. (G) Tracing plot of clustered samples. (H, I) A bar plot (H) and chord diagram (I) showing immune-related biological processes enriched to LRDGs by GO analysis.



Unsupervised consistency clustering analysis was conducted for LIHC patients on the basis of LRDGs expression to obtain two lipid metabolism subgroups (Figures 2D-G). Survival analysis of the two groups revealed a considerable difference in the survival time between both groups (Figure 2C). Similar clustering patterns were observed in the GSE14520 dataset (Supplementary Figure 1). We performed GO analysis of LRDGs, and the biological processes indicated that LRDGs were markedly enriched in modulating the processes of immune effects, lymphocyte proliferation, B-cell activation, T-cell activation, monocyte proliferation, and macrophage activation (Figures 2H, I).

For examining the underlying reasons of survival differences, the immune infiltration of normal and tumor tissues in LIHC was analyzed and heat maps were drawn. In LIHC, there existed obvious differences in the degree of immune infiltration between normal and tumor tissues. In particular, regulatory T cells, mononuclear macrophages, CD8+ T cells, helper T cells and CD4+ T cells were observed elevated in cluster 2 (Figure 3A). Immune infiltration analysis of the two different lipid metabolism patterns revealed significant differences between monocytes, macrophages, regulatory T cells and helper type I T cells (Figure 3B). Together, these analyses suggest that the patterns of lipid metabolism are strongly associated with immune infiltration as well as prognosis in LIHC patients, indicating the combination of immune- with lipid metabolism-associated genes to develop the clinical prognostic models is an ideal approach.




Figure 3 | The landscape of LIHC immunity. (A) Comparison of immune cell infiltration patterns between tumor tissue and normal tissue by ssGSEA algorithm. (B) Comparison of immune cell infiltration patterns between different clusters.  *p < 0.05, **p < 0.01, and ***p < 0.001.






3.2 Enrichment analysis

Functional enrichment analysis of IRDGs and LRDGs revealed KEGG (Supplementary Figures 2B–D) enrichment in alcoholic liver disease, hepatitis B, cytokine-cytokine interactions, fat digestion and absorption, choline metabolism in cancer, PPAR signaling pathway, IL-17 signaling pathway, the interaction of viral proteins with cytokines as well as cytokine receptors, and natural killer cell-mediated cytotoxicity. The enriched GO (Supplementary Figures 2A, B) molecular functions were ligand-receptor activity, cytokine activity, immune receptor activity, lipase activity, phospholipase activity, and other pathways. Biological processes were enriched at the level of lipid localization, lipid transport, response to negative regulation of the steroid hormone immune system, regulation of molecular mediator production in immune effects, adaptive immune responses based on lymphocyte-mediated immunity, monocyte differentiation, and other pathways. Enriched cellular components included the neuronal cytosol, endoplasmic reticulum lumen, secretory granule lumen, immunoglobulin complex, transcriptional regulatory complex, and cellular matrix.




3.3 Construction and validation of a prognostic signature based on both LRDGs and IRDGs

We identified 522 LRDGs and 395 IRDGs by intersecting the genes related to immune signature and lipid metabolism with DEGs, respectively (Figure 4A). Univariate Cox regression analysis was implemented on 395 IRDGs and 522 LRDGs to screen 133 candidate genes with prognostic value (Figure 4B). LASSO regression (Figures 4C, D) and multivariate Cox regression analyses were implemented. DGAT2L6, SOCS2, GAL, FLT3, KIF18A, STC2, and SPP1 were employed as a prognostic indicator to build a risk model with 0.741 C-index. Patients were categorized into low-risk (n = 183) and high-risk (n = 182) groups depending on the median risk score. The patients' baseline features on the basis of risk model are given in Table 1.




Figure 4 | Construction of a prognostic signature for LIHC patients based on immune-related and lipid metabolism-related DEGs. (A) The Venn diagram displays the intersection of common genes among LIHC-related DEGs and lipid metabolism-related and immune-related genes. (B) The forestplot shows the results of hazard ratios and 95% confidence intervals of signature genes from the univariate Cox regression analysis. (C) The LASSO regression algorithm was used to select the optimal variable (l) with a 10-fold cross-validation method. (D) The solution path was plotted according to coefficients against the L1 norm. (E) The distribution of risk score, survival status, and the expression levels of coefficients in the prognostic signature. (F) The overall survival curves of LIHC patients between high-risk and low-risk groups were plotted based on the prognostic signature.




Table 1 | Baseline characteristics and comparison of LIHC patients divided by the prognostic model.



The proportion of patients who died was evidently higher in the high-risk group in contrast to low-risk group (Figure 4E). For evaluating the accuracy of prognostic characteristics predictions, we drew and compared the recipient operating characteristic and survival analysis curves. The findings revealed that the area under the ROC curve of the risk model was significantly larger compared to other clinical characteristics such as gender, age, tumor stage, and pathological stage (Figure 5D). And the area under the ROC curve was 0.811, 0.748 and 0.765 for OS at 1, 3 and 5 years in the TCGA cohort, separately (Figure 5E). Kaplan-Meier analysis demonstrated that the low-risk group of patients with LIHC had remarkably longer OS as compared to the high-risk group (Figure 4F).




Figure 5 | (A) The lollipop graph displays the variables and corresponding coefficients in the prognostic signature. (B) The forest plot shows the results of hazard ratios and 95% confidence intervals of signature genes from the multivariate Cox regression analysis. (C) Representative immunohistochemical staining images of SPP1 (antibody HPA074922, 10×), KIF18A (antibody HPA039312, 10×), SOCS2 (antibody CAB010356, 10×), and STC2 (antibody HPA045372, 10×) in normal and LIHC tissues are retrieved from The Human Protein Atlas database (HPA, https://www.proteinatlas.org/, accession date: January 2023). It should be noted that the immunohistochemistry staining of FLT3, GAL, and DGAT2L6 was absent from the HPA database. (D) The time-dependent ROC curves for different clinical characteristics in the TCGA cohort. (E) The time-dependent ROC curves for the prognostic signature in the TCGA cohort.



Through plotting lollipop plots of variables (Figure 5A) as well as forest plots for multifactorial Cox regression analysis (Figure 5B), we found the prognostic signature of SOSC2 and FLT3 as prognostic protective factor for LIHC and other prognostic markers as risk factors. To further verify the signature gene expression patterns in LIHC patients, the expression profiles of proteins determined through immunohistochemical staining in HPA database were compared. The findings revealed that in contrast to the expression in normal tissues, four factors (KIF18A, SOCS2, SPP1 and STC2) in the prognostic signature were overexpressed in LIHC tissues (Figure 5C). The high expression of SOCS2 suggested a favorable prognosis for patients with LIHC.




3.4 Correlation analysis of prognostic characteristics of LIHC patients with clinical characteristics

To understand the prognostic value and clinical relevance of prognostic characteristics in patients with LIHC, we first plotted survival curves to examine the predictive value of the genes implicated in the prognostic characteristics and, after log-rank testing, revealed that the high expression groups of SOSC2 and FLT3 had superior survival outcomes compared to low expression group, while the high expression groups of GAL, DGAT2L6, SPP1, STC2 and KIF18A had worse outcome of OS was worse in the high expression group in contrast to low expression group (Figure 6A). Subgroup analysis on the basis of clinical features revealed that the expression of risk factors DGAT2L6, GAL, KIF18A, STC2, and SPP1 in the prognostic signature was positively linked to the tumor stage (paradoxically, low expression of DGAT2L6 and KIF18A in tumor stage IV may be owing to the sample size being small). In contrast, the protective factors SOSC2 and FLT3 expression had a negative association with tumor stage (Figure 6B). To investigate the predictive power of risk model, a subgroup analysis was implemented on both risk groups of LIHC patients based on various clinical features. Comparable to the findings of training cohort, the survival rates of LIHC patients in group at high risk with varying clinical features were lower than those of patients in low-risk group (Figure 7). We identified that the risk model was a greater predictor of survival for men (Figure 7B), people under 60 years of age (Figure 7C) and advanced tumor patients (Figure 7F).




Figure 6 | (A) Survival analysis of genes involved in the prognostic signature. (B) The genes involved in the prognostic signature expression among different tumor stages. DGAT2L6 was absent in the UALCAN database.






Figure 7 | Survival curves and time-dependent ROC curves of patients with different gender (A, B), ages (C, D), and tumor stages (E, F) between high-risk and low-risk groups.






3.5 Construction of survival prognostic nomograms for LIHC and DCA evaluation

We incorporated the clinical characteristics into the risk model and carried out the multivariate and univariate regression analyses (Table 2). The univariate Cox regression analysis suggested that sex, age, and the pathological stage were independent factors affecting prognosis, whereas multifactor regression analysis indicated that the risk score calculated based on the risk model together with tumor pathological stage were independent factors influencing prognosis (Figure 8A). Pathological stage was incorporated into the risk score model to establish the nomogram model (Figure 8B) for the prediction of OS at 1, 3, and 5 years (Figure 7A). Moreover, a calibration curve plot analysis of nomogram model was carried out and the calibration curve fitted well to the desired diagonal (Figure 8C). These outcomes suggest that the model has good discriminatory ability. Based on the DCA, the nomogram model predicted the OS of patients with liver cancer at 1, 3, and 5 years better than clinical characteristics such as TNM stage, age, and sex (Figures 8D–F).




Figure 8 | (A) The multivariate Cox regression model with clinical features included. (B) A nomogram model was constructed to predict the 1-year, 3-year, and 5-year overall survival of LIHC patients. (C) Calibration curves of the nomogram model for 1-year, 3-year, and 5-year overall survival. (D-F) Decision curve analysis for 1-year (D), 3-year (E), and 5-year (F) overall survival of the nomogram model.




Table 2 | The univariate and multivariate Cox regression analyses of clinical characteristics for overall survival in LIHC patients.






3.6 Validation of the prognostic signature

To further validate the stability and robustness of prognostic signature and its general applicability, we included GSE14520 and ICGC-LIRI JP as external validation cohorts. Prognostic marker gene expression was first analyzed in the dataset. We utilized a risk model to calculate risk scores and categorized patients into low- and high-risk groups in accordance with median scores. Survival curves (Figures 9A, D) and ROC curves over time (Figures 9B, E) were drawn, and proved to be markedly lower in the high-risk group versus low-risk group. The area under the ROC curve at 1, 3 and 5 years was 0.791, 0.749 and 0.75, separately, showing that the prognostic characteristics allow for greater differentiation between both risk groups. DCA of the model in GSE14520 and ICGC-LIRI JP (Figures 9C, F) showed better clinical benefits.




Figure 9 | GSE14520 and ICGC-LIRI JP was used for validation (A) The overall survival curves of GSE14520 patients between high-risk and low-risk groups were plotted based on the prognostic signature. (B) The time-dependent ROC curves for different clinical characteristics in the GSE14520 cohort. (C) Decision curve analysis for 3-year overall survival of the prognostic model. (D) The overall survival curves of ICGC-LIRI JP patients between high-risk and low-risk groups were plotted based on the prognostic signature. (E) The time-dependent ROC curves for different clinical characteristics in the ICGC-LIRI JP cohort. (F) Decision curve analysis for 3-year overall survival of the prognostic model.






3.7 Functional enrichment analysis and mutation analysis

We conducted the GSVA and mutation analyses to get more insight into the mechanisms of survival differences. GSVA (Figure 10A) revealed that pathways such as pyrimidine metabolism, homologous recombination, and cell cycle were primarily enriched in high-risk groups. The pathways associated with lipid metabolism, for instance fatty acid metabolism and the adipocytokine signaling pathway; amino acid metabolism-related pathways, including the metabolism of glutamate, aspartate and alanine; the degradation of isoleucine, leucine and valine; the calcium signaling pathway; the biosynthesis of bile acids; as well as other lipid metabolic pathways, were enriched in low-risk group. Besides, GSEA showed that the pathways related to lipid metabolis, including steroid hormone synthesis, PPAR pathway, and linoleic acid metabolism, were predominantly enriched in low-risk group. Furthermore, the high-risk group was primarily enriched in pathways associated with immunity, including the chemokine signaling pathway, JAK-STAT pathway, the extracellular matrix receptor interactions and cytokine-cytokine-receptor interactions (Figure 10B). The above analysis suggested that there might be potential mechanisms at the mutation level in high-risk group. Therefore, we next conducted a mutational analysis of patients with LIHC (Figures 10C, D), where we first compared the genes with a high frequency of somatic mutations in LIHCs, like CTNNB1, TP53, MUC16 and TTN. The findings indicated that the mutation rates of CTNNB1 and TP53 were markedly higher in high-risk group, which could be a factor leading to the adverse prognosis of patients at high risk.




Figure 10 | (A) Gene set variation analysis (GSVA) between high and low-risk groups. (B) Gene set enrichment analysis (GSEA) between high and low-risk groups. (C, D) Gene mutation analysis between high-risk and low-risk groups.






3.8 Immune infiltration analysis based on the prognostic signature

In view of the close connection between immune responses and prognostic features identified in the functional enrichment analysis, the relation between infiltrating immune cells and risk models was further investigated. We evaluated the differences in immune status among risk groups using the inverse convolution and CIBERSORT algorithms. In the immune cell type analysis, we detected a distinct difference in tumor immune infiltration between both risk groups. The high-risk group presented a greater abundance of M0-type macrophages, resting dendritic cells, regulatory T cells, and T-helper cell infiltration and a lower abundance of resting CD4 + T cells, CD8 + T cells, resting mast cells, naive B cells, and CD8+ T cell infiltration (Figures 11E, F). Associations between immune cells and prognostic features were examined with timer sites. The expression of KIF18A, SPP1, STC2 and SOCS2 presented a positive association with infiltration of dendritic cells and macrophages, while the expression of FLT3 presented a positive association with infiltration of CD8+ T cells and B cells (Supplementary Figure 2). High-risk group had a higher exclusion score and TIDE in contrast to low-risk group (Figures 11A, B). Additionally, the association between immune microenvironment scores and risk scores and stromal scores was statistically significant (Figures 11C, D).




Figure 11 | Correlation analysis of the risk score and immune infiltration in LIHC patients. (A-D) Comparison of the TIDE score (A). exclusion score (B). estimate score (C). stromal score (D). between the high-risk and low-risk groups. (E) The heatmap diagram displays the Immune infiltration difference between the high-risk and low-risk groups via Cibersort Algorithm. (F) The box diagram displays the Immune infiltration difference between the high-risk and low-risk groups via Cibersort Algorithm. **p < 0.01, and ***p < 0.001, ****p < 0.0001.






3.9 Correlation of lipid metabolism and immune-related prognostic signature with single-cell properties

Recently, single-cell sequencing has become an important tool for revealing cellular heterogeneity and differences. Further investigation of the action of prognostic genes in tumor microenvironment, we obtained GSE166635 data from the TISCH database and visualized UMAP in 10 cell clusters (Figure 12A), each of which was labeled according to its own characteristic genes as B, CD8T, DC, endothelial, epithelial fibroblasts, malignant, mast, mono/macro, and proliferative cell clusters. Based on the distribution of prognostic marker genes in the ten cell clusters (Figure 12B), SPP1 was primarily found in monocytes, DCs and malignant tumor cells. GAL was distributed in malignant cells. SOCS2 was distributed in endothelial cells, fibroblasts, and monocytes; FLT3 in monocytes; and STC2 in malignant cells. KIF18A was distributed in endothelial cells. To determine the expression characteristics of prognostic marker genes in immune microenvironment, we identified the genetic distribution in different cell clusters using violin plots (Figure 12C).




Figure 12 | Correlation of the prognostic signature with single-cell clusters. (A) UMAP plot of ten major cell clusters in the LIHC tumor microenvironment. (B) The distribution of the prognostic genes in cell clusters. (C) Violin plot of the prognostic signature expression at the single-cell level.






3.10 Screening of chemotherapeutic drugs versus small molecule drugs

For LIHC, we evaluated the capacity of risk models for predicting the effectiveness of commonly prescribed chemotherapeutic agents. Figure 13 presents that low-risk group had higher half-maximal inhibitory concentration (IC50) values of fluorouracil, etanercept, sunitinib, paclitaxel, dasatinib, gemcitabine, imatinib, sorafenib, and vincristine in contrast to the high-risk group (p<0.05), suggesting that patients at high risk have greater sensitivity to chemotherapeutic agents and that these chemotherapeutic agents have greater clinical efficacy in patients at high risk. In summary, the findings revealed the potential predictive value of prognostic genes for chemotherapeutic efficacy in patients with LIHC. Additionally, we offloaded a list of DEGs between both risk groups. We predicted four small-molecule compounds that could be employed for LIHC treatment: idarubicin, irinotecan, methoxsalen and apilimod (Figures 14E–H).




Figure 13 | Sensitivity analysis of high-risk and low-risk patients to commonly used chemotherapy drugs.






Figure 14 | (A-D) Molecular docking pattern of key pharmacodynamic substances and core targets. (A) Irinotecan-SPP1. (B) Idarubicin-GAL. (C) Idarubicin -STC2. (D) Irinotecan-KIF18A.: (E-H) 3D structures of small molecule drugs predicted by the PubChem open chemical database,including irinotecan (E), apilimod (F), idarubicin (G), and methoxsalen (H).






3.11 Molecular docking

Molecular docking is an essential approach for drug design based on structure and for screening interacting molecules via the identification of optimal conformations of small-molecule targets and compounds (23). We molecularly docked four key targets (SPP1, GAL, KIF18A, and STC2) with their respective active small molecule compounds. Typically, the principles for investigating whether receptors and ligands can interact and their optimum binding mode are the complementarity of their spatial architectures and the energy minimization (24). Figure 14 presents irinotecan formed hydrogen bonds with SPP1 at the ASP-909 and PRO-890 sites (Figure 14A), whereas it formed hydrogen bonds with KIF18A at the LYS-119, HIS-121, GLY-116, and GLY-11 sites (Figure 14D). Idarubicin formed hydrogen bonds through the GLN-82 site and SER-17 sites, interacting with GAL (Figure 14B). Idarubicin further formed hydrogen bonds through the LEU-47 site, interacting with STC2 (Figure 14C).




3.12 Expression of prognostic genes

To further verify the value of our prognostic model. We have selected several genes (SPP1, FLT3, KIF18A, SOCS2) of unclear significance in hepatocellular carcinoma. We investigated the expression of genes associated with prognosis in human tissues. In seven pairs of specimens from individuals with LIHC, qRT-PCR(Figure 15B) and IHC (Figure 15A) analysis revealed high SPP1 expression in tumor tissue, while FLT3, SOCS2 displayed the reverse trend. The findings revealed that FLT3, SOCS2 had high expression in paraneoplastic tissues, whereas SPP1, KIF18A were highly expressed in LIHC tissues. Taken together, lipid metabolism genes combined with immune-related genes are key to constructing a gene signature for patients with LIHC.




Figure 15 | Expression of the prognostic genes in human. (A) IHC images of SPP1, KIF18A , FLT3 and SOCS2, in LIHC tissue and paracancerous tissue (magnification ×20). Scale bars: 100µm for 20×. N represents paracancerous tissues, and T represents LIHC tissues. (B) mRNA expression of SPP1, KIF18A , FLT3 and SOCS2 in LIHC tissues and paracancerous tissues. N represents paracancerous tissue, and T represents LIHC tissue. ****p< 0.0001.







4 Discussion

Despite recent developments in neoadjuvant chemotherapy, molecularly targeted drugs, and immunotherapy, which have improved the efficacy of LIHC, the prognosis for long-term patient survival remains poor. Hence, more reliable and sensitive prognostic indicators are urgently required to monitor the progress of LIHC and to evaluate the survival of patients.

In the last few years, many researches have indicated that lipid metabolism in the tumor microenvironment modulates the invasion and proliferation of tumor cells and remodels the function of stromal cells, in particular immune cells, thus facilitating tumor metastasis (25). Hence, there is a strong association between anti-tumor immunity and the patterns of lipid metabolism. Nevertheless, to date, researchers have built prognostic models on the basis of a single lipid metabolism profile are either based on a single immune-related gene or have analyzed only the correlation between the model and immune environment of LIHC, and neither of them systematically combined the two for model construction, thus often suffering from poor validity, set robustness, and limitations of extrapolation. For example, Yan's study had a poor risk score correlation with immune cells (10), while another study lacked external set validation (11). Gu's report, on the other hand, lacked in vitro experimental validation (12), and each study possessed the drawback of not guaranteeing that the AUC values of the validation and training set risk models were still high. Aiming to overcome the deficiencies of previous research, this study integrated genes associated with lipid metabolism and immunity to enhance the robustness and accuracy of prognostic features through delivering multi-scale clinical characteristics.

First, data from LIHC patients were downloaded from TCGA database and examined with R software to get LRDGs. Subsequently, unsupervised consensus cluster-typing of LIHC was performed using LRDGs, and survival analysis showed differences in survival status among the different groups. Many immune-related pathways associated with LRDGs were enriched by GO analysis, which was performed according to ssGSEA for type I and differences in immune infiltration patterns were found among the different groups. These results confirmed that there exist many interactions between lipid metabolism and immunity during the development and progression of LIHC. Subsequently, we used LRDGs and IRDGs and acquired the prognostic characteristics of the seven genes via applying multivariate, univariate Cox regression analyses and LASSO. Of these, STC2, SPP1, FLT3 and GAL are found to be strongly linked to immunity and lipid metabolism. dGAT2L6, SOCS2, and KIF18A were associated with lipid metabolism. The model was used to score patients with LIHC, and survival analysis of the risk model presented that according to the Kaplan-Meier survival curve, the high-risk group had a marked shorter OS of patients with LIHC in contrast to the low-risk group (log-rank value< 0.001). ROC curve analysis over time showed that the predictive characteristics of LIHC were more accurate in the prediction of survival. In addition, the external validation results based on the GSE14520 and ICGC-LIRI JP datasets confirmed the robustness of the predictive features relative to previous studies.

SPP1 influences the malignant biological activity and immune escape of tumor cells and its overexpression facilitates the progression and metastasis of LIHC (26, 27). SPP1 was previously considered a potential marker for early recurrence and poor prognosis of LIHC and a major metastasis-related gene (28, 29). A meta-analysis of seven researches demonstrated that raised levels of plasma SPP1 have comparable diagnostic performance to AFP-based results (30, 31). However, elevated SPP1 levels may be associated with other malignancies and should therefore be combined with other LIHC-specific biomarkers (32). Patients with LIHC and high STC2 expression have poor prognoses, and STC2 promotes local angiogenesis, tumor proliferation, and metastasis (33, 34). As a member of the SOCS family, the suppressor of cytokine signaling 2 (SOCS2) is present in numerous types of tumor progression. SOCS2 overexpression reduced the ability of LIHC cells to migrate and invade in vitro, and suppressed their metastasis in vivo (35). SOCS2 deficiency facilitates spontaneous progression of intestinal tumors that are driven both by AP-1 activation and mutations in the E. coli/β-catenin pathway (36). KIF18A mediates organelle and protein transport and plays a role in microtubule motility during cytokinesis and mitotic chromosome arrangement (37). KIF18A is also associated with metastasis of solid tumors (e.g., breast cancer (38)). Specific kinesins and molecules involved in the cell cycle are potential targets (39). FLT3 targets sorafenib and is closely linked to the efficacy and patient survival of sorafenib. Patients with LIHC stratified on the basis of high levels of FLT3 may gain from treatment with sorafenib (40). Nevertheless, no literature has proven that high levels of FLT3 are related to a better prognosis in LIHC patients. This study raises the following relevant question: This study found that although previous studies have shown that glycopeptides and GMAP pro-peptides (GAL) are activated in human LIHC and tend to accumulate in the stromal tissue surrounding LIHC cells (41), DGAT2L6 did not correlate with LIHC and could be used as a potential prognostic marker.

Subgroup analysis on the basis of clinical features showed good agreement between prognostic indicators and disease stage. The inclusion of clinical characteristics in the multivariate and univariate Cox regression analyses suggested that age, gender, risk score and pathological stage can be considered as independent prognostic factors. The risk score and pathological staging can be treated as independent prognostic factors in a multifactorial analysis. On this basis, a model of prognostic nomogram was constructed, and a column score plot, calibration curve, and clinical decision curve were developed. The calibration curve displayed the confidence of the model, and DCA exhibited the clinical application of this prognostic model. For further examination of the basic mechanisms influencing survival differences, we originally compared genes with a high somatic mutation frequency in LIHC, which include CTNNB1, TP53, MUC16 and TTN between groups. The findings of the study suggested that the mutation rates of CTNNB1 and TP53 were closely related to the risk score, which may result in a poor prognosis for the high-risk group.

To further elucidate the underlying mechanisms associated with immune affecting the prognosis of patients with LIHC, we used an inverse convolution algorithm, CIBERSORT. The TIDE score is derived from cytotoxic T lymphocyte function, which has a negative relation with clinical response to OS and immune checkpoint blockade (ICB) (18). Both TIDE algorithms (TIDE score and exclusion score) suggested relatively low sensitivity to immune checkpoint suppressors in high-risk group of patients with LIHC. Besides, the XCell algorithm-based interstitial and microenvironment scores showed higher LIHC interstitial and microenvironment scores in the low-risk group, which confirmed the low immunogenicity and responsiveness of tumors to ICBs. CIBERSORT algorithm was applied for quantifying the function and infiltration of immune cells and we revealed that the high-risk group had more resting dendritic cells, regulatory T cells, M0 macrophages, T helper cells and Treg cells, and fewer resting CD4+ T cells, CD8+ T cells, resting mast cells, CD8+ T cells and initial B cells as compared to low-risk group. Th1-type immune responses that are activated from antigen presentation are a critical component of the antitumor action of M1 macrophages. Increased concentrations of M1 macrophages secrete multiple inflammatory factors to maintain the long-term inflammatory environment and enroll and initiate T cells in the early stages of tumors (42). In contrast, M2 macrophages that are activated by IL-13 and IL-4 are often employed as accelerators of tumor progression. They reduce the immune response and contribute to inflammation through the secretion of the suppressive cytokines TGF-β or IL-10 (43). They also secrete MMPs, which assist tumor cells to break through the endothelial cell basal layer and achieve metastasis (44). As resting macrophages, macrophages M0 are prone to convert to M2-like subtypes in tumor microenvironment (45). IFN-γ, LPS, or GM-CSF can induce M1-type macrophages. M1-type macrophages promote the inflammatory response and kill intracellular pathogens in tumors by releasing inflammatory mediators such as IL-1. M2 macrophages, which are induced with IL-13 and IL-4, highly express CD206, increase endocytosis and secrete the anti-inflammatory cytokines, for instance TGF-β and IL-10, facilitate Th2 cell differentiation, and participate in immune regulation, repair function, wound healing, angiogenesis, and promote tumor progression. In addition, the resting-state DC infiltration was higher in the high-risk group. DCs act a critical player in activating anti-tumor-associated T cells as specific antigen-presenting cells (46). The lack of DC activation was responsible for poor prognosis in the high-risk group. It is notable that the low-risk group has an evident higher level of mast cell infiltration. Previous researches have suggested that mast cells are an essential source of VEGF, which facilitates the proliferation and angiogenesis of tumors (47, 48). Nevertheless, recent studies have characterized the heterogeneity of mast cells and proved that the subpopulation of CD103+ mast cells display a stronger expression of molecules associated with antigen presentation, which include CD80, ICAM-1 as well as MHC-II-like molecules, which effectively activate CD4+ T cells in turn (49). The proportion of CD4 memory resting T cell infiltration decreased significantly with increasing patient risk. Similar to our findings, a related study reported that exacerbated infiltration of CD4 memory T cells occurred at the tumor sites (50). In tumor immunotherapy, the synergistic effect of CD4+ T and NK cells is stronger than that of CD8+ T cells (51). CD8+ T cells are activated via the recognition of tumor antigens through the T cell receptor (TCR) and rapidly proliferate and differentiate into the cytotoxic T cells, resulting in the elimination of tumor cells via cell-cell contact, which accounts for the higher infiltration levels of CD8+ T cells in low-risk group. Conversely, the infiltration levels of Treg cell were higher in high-risk group, and the rise in Treg cells and their synergy with other immune cells sustained immune tolerance of tumor cells, indicating that the infiltration of Treg cells in the tumor microenvironment is strongly linked to poor prognosis and that clearance of Treg cells may activate and strengthen the anti-tumor immune response (52). Researches have indicated that Treg cells exert an essential role in the microenvironment, prognosis as well as response to chemotherapy in various tumors (53), and enhanced infiltration density of FoxP3 regulatory T cells is closely linked to poor prognosis in a number of tumors, for instance melanoma, lung cancer, cervical cancer, gastric cancer and liver cancer (54). This may be the reason why a higher number of Treg in high-risk group in our research was related to a poorer prognosis.

Chemotherapy is currently the most widespread and effective tumor treatment, serving an essential role in killing tumor cells, suppressing tumor growth, and prolonging the survival of patients (55). Nevertheless, the emergence of chemoresistance in tumor patients presents a huge challenge to the treatment of cancer. Therefore, it is clinically important to investigate the mechanisms of drug resistance and enhance sensitivity to chemotherapy (56). High-risk group had evidently lower IC50 values of the chemotherapeutic agents fluorouracil, etanercept, sunitinib, paclitaxel, dasatinib, gemcitabine, imatinib, sorafenib, and vincristine than low-risk group, displaying that patients at high risk may gain more benefit from chemotherapy with this class of drugs. Drug prediction and molecular docking were then conducted, showing that all four drugs bound better to proteins encoded by poor prognostic target genes.




5 Conclusion

In conclusion, we first developed and validate a new prognostic signature based on genes related to immune and lipid metabolism in LIHC patients. We show here its robust performance in predicting prognosis, infiltration of immune cells as well as response to chemotherapy in LIHC. Furthermore, our study predicted possible drugs, as a groundwork for future developments. The use of dual signatures to predict small-molecule drug efficacy new method for the pharmacological treatment of patients. Our findings will further help predict OS and treatment effects of chemotherapy and immune checkpoint inhibition.
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Background

Cuproptosis is a novel cell death pathway dependent on cellular copper ions and ferredoxin 1 (FDX1). Hepatocellular carcinoma (HCC) is derived from healthy liver as a central organ for copper metabolism. It remains no conclusive evidence whether cuproptosis is involved in survival improvement of patients with HCC.





Method

A 365–liver hepatocellular carcinoma (LIHC) cohort with RNA sequencing data and paired clinical and survival information was obtained from the The Cancer Genome Atlas (TCGA) dataset. A retrospective cohort of 57 patients with HCC with stages I/II/III was collected by Zhuhai People’s Hospital from August 2016 to January 2022. Low- or high-FDX1 groups were divided according to the median value of FDX1 expression. Cibersort, single-sample gene set enrichment analysis, and multiplex immunohistochemistry analyzed immune infiltration in LIHC and HCC cohorts. Cell proliferation and migration of HCC tissues and hepatic cancer cell lines were evaluated using the Cell Counting Kit-8. Quantitative real-time PCR and RNA interference measured and downregulated FDX1 expression. Statistical analysis was conducted by R and GraphPad Prism software.





Results

High FDX1 expression significantly enhanced survival of patients with LIHC from the TCGA dataset, which was also demonstrated through a retrospective cohort with 57 HCC cases. Immune infiltration was different between the low– and high–FDX1 expression groups. Natural killer cells, macrophages, and B cells were significantly enhanced, and PD-1 expression was low in the high-FDX1 tumor tissues. Meanwhile, we found that a high expression of FDX1 decreased cell viability in HCC samples. HepG2 cells with FDX1 expression are sensitive to Cu2+, and interference of FDX1 promoted proliferation and migration of tumor cells. The consistent results were also demonstrated in Hep3B cells.





Conclusion

This study reveals that cuproptosis and tumor immune microenvironment were together involved in improvement of survival in patients with HCC with a high expression of FDX1.





Keywords: hepatocellular carcinoma, ferredoxin 1, prognosis, cuproptosis, tumor immune microenvironment





Introduction

Primary liver cancer is the sixth most commonly diagnosed cancer and the third leading cause of cancer death worldwide (1). In 2020, there were approximately 906,000 new incident cases of liver cancer globally and 830,000 deaths (1). Hepatocellular carcinoma (HCC) accounts for approximately 80% of primary liver cancer (1, 2). The incidence rate of liver cancer is the highest increase for all sites in the USA (3, 4). In China, HCC ranks second only to lung cancer in cancer-related mortality (5). Although incidence and mortality of liver cancer had decreasing trend, population growth and aging still caused a large number of new cases in China (4). The main risk factors for HCC include hepatitis B virus (HBV), hepatitis C virus (HCV), excessive alcohol consumption, obesity, type 2 diabetes, smoking, and Aspergillus intake (6), and the major risk factors of HCC in China is chronic HBV infection or/and aflatoxin exposure (1). The decreasing trend may be related to infection control of HBV/HCV—vaccination of these viruses in China (7).

Copper is an essential trace element for the human body, which is utilized by specific proteins to involve in many biological processes, such as oxidative phosphorylation, antioxidant defense, metabolism of iron ions, and protein synthesis (8). The liver is the major regulatory organ of copper homeostasis. Copper is absorbed by the liver and distributes to other organs through the circulatory system. HCC is derived from healthy liver and also has many functions of the liver. Thus, cell proliferation and migration of HCC is also subject to influence of copper regulation. Cuproptosis, as a novel cell death pathway dependent on cellular copper ions and ferredoxin 1 (FDX1), distinguishes from cell apoptosis, cell necrosis, and ferroptosis (9). Copper accumulation in the liver induced cell death in the Atp7b-deficient (Atp7b−/−) mouse model (9). High expression of the cuproptosis key factor, FDX1 protein, may also promote the cuproptosis pathway of hepatic tumor cells. There remains a lack of strong clinical demonstration whether FDX1 expression could predict the survival of HCC cases.

In this study, a 365-liver hepatocellular carcinoma (LIHC) cohort from the TCGA dataset and a retrospective HCC cohort from Zhuhai People’s Hospital were enrolled to explore effect of FDX1 expression on patient survival with HCC. We further explored reasons of FDX1-caused survival difference from the cuproptosis pathway and tumor immune microenvironment change using HCC samples and hepatic tumor cells.





Materials and methods




RNAseq dataset

Gene expression RNA sequencing (RNAseq) dataset (HTSeq-Counts and HTSeq-FPKM) and clinical information with 424 samples were obtained from Genomic Data Commons (GDC) TCGA Liver Cancer (LIHC) (14 datasets) (https://xenabrowser.net/datapages/). A 365-LIHC cohort with RNAseq dataset and paired clinical and survival information was obtained from the dataset. The clinical information included age, gender, risk factor, pathologic stage, and family cancer history (Table 1). Patients with two or more risk factors (alcohol consumption, hepatitis B, hepatitis C, and others) were regarded as complex risk factors. Cutoff value according to HTSeq-counts median value of FDX1 expression (counts = 1267) was regarded as low- or high-FDX1 groups, and counts of >1,267 were considered as the high FDX1 expression and the remaining as the low expression.


Table 1 | Clinical characteristics of LIHC from TCGA dataset.







Patients and clinical data

The present study enrolled 57 HCC cases by Zhuhai People’s Hospital with I/II/III stages from August 2016 to January 2022. The clinical information contained age, gender, risk factor, pathologic stage, and family cancer history (Table 2). This research was approved by the Ethics Committee of Zhuhai People’s Hospital, and treatment was performed by the Chinese Society of Clinical Oncology guidelines. Extended follow-up data were retrospectively assembled with medical ethics committee approval. All patients provided their written informed consent to participate in this research. FDX1 expression in the HCC cohort was detected using quantitative real-time PCR. The median value of the relative expression of FDX1 (relative value = 1.33) was considered as a cutoff value, and relative value > 1.33 was considered as the high expression of FDX1 and the remaining as the low expression.


Table 2 | Clinical characteristics of HCC in a retrospective cohort.







Immune infiltration analysis

Immune infiltration analysis was performed using Cibersort (10) and the single-sample gene set enrichment analysis (ssGSEA) (11) methods. Cibersort calculated the proportion of 22 immune cells, and ssGSEA calculated the extent of infiltration of 28 immune cell types in each case with LIHC.





Immunohistochemistry

Biopsy tissue samples were processed into 5-μm-thick formalin-fixed paraffin-embedded (FFPE) sections, which were stained using the Opal Seven-color IHC Kit (NEL797B001KT; PerkinElmer, USA). CD8 (clone SP16; ZA-0508, Zsbio; 1:100), CD68 (clone KP1; ZM-0060, Zsbio; 1:100), CD19 (clone UMAB103; ZM0038, Zsbio; 1:100), CD56 (clone UMAB83; ZM0057, Zsbio; 1:100), CD68 (clone KP1; ZM0060, Zsbio; 1:100), and programmed cell death-1 (clone UMAB199; ZM0381, Zsbio; 1:100) antibodies marked cytotoxic T cells, B cells, natural killer (NK) cells, macrophages, and PD-1 protein, respectively. The FFPE sections were, in turn, incubated with primary and secondary antibodies, visualized using tyramide signal amplification, and treated under a microwave oven, followed by labeling with the next antibody. After five antibodies staining, cell nucleus was stained by diamidino-phenyl-indole (DAPI). The sections were scanned and analyzed using PerkinElmer Vectra (Vectra 3.0.5; PerkinElmer, MA, USA).





Cell culture

Hepatocellular HepG2 and Hep3B cells were purchased from the Cell Bank of Type Culture Collection of the Chinese Academy of Sciences (Shanghai, China). HepG2 and Hep3B cells were cultured in Dulbecco’s modified Eagle’s medium (Gibco) with 10% fetal bovine serum (Gibco), streptomycin (100 μg/ml) and penicillin (100 μg/ml) in a 5% CO2 and 37°C humidified incubator.





Cell proliferation and migration

Proliferation of HepG2 and Hep3B cells was detected using the Cell Counting Kit-8 (CCK-8; Dojindo, Japan). Cells were cultured in 96-well plates and treated with 0, 10, 100, 1000 nM Elesclomol-CuCl2 (ratio, 1:1; MCE) for 24 h. CCK-8 assay was performed, and absorption was detected at 490 nm using a microplate reader. Migration of cells was detected using a Transwell culture test. Cells were seeded and cultured in Transwell filters for 24 h. The cells of upper surface in Transwell filter were removed. The cells of lower surface in Transwell filter were stained with crystal violet staining and imaged by an optical microscope. Or the cells of lower surface were transferred to 96-well plates and measured by CCK-8 assay.





Real-time PCR

Quantitative real-time PCR was performed as previously described (12). Total RNAs were extracted using TRIzol reagent (Invitrogen, USA) from tumor tissues and cells after different treatments, reverse-transcribed to cDNA using the First Strand cDNA Synthesis Kit (Roche, Germany). Quantitative real-time PCR was performed with the SYBR Green Real-Time PCR Master Mix (ThermoFisher, USA) using the StepOnePlus Real-Time PCR System (ThermoFisher, USA). The primer sequences contained FDX1 (forward strand, 5′-GCCATTCTCTCACGCAAGGAT-3′; reverse strand, 5′-ACGTGGTAATCTGTGGTGCTT-3′) and glyceraldehyde-3-phosphate dehydrogenase (GAPDH) (forward strand, 5′- TGCACCACCAACTGCTTAGG-3′; reverse strand, 5′- GGCATGGACTGTGGTCATGAG -3′).





RNA interference

HepG2 and Hep3B cells were seeded and cultured in six-well plates and grown to about 80% confluence. The cells were transfected with small interfering RNA of ferredoxin 1 (siFDX1) or negative control interfering RNA (siControl) using Lipofectamine 3000 (Invitrogen, USA) according to the manufacturer’s instructions. After 24 h, FDX1 expression was detected in the RNA interfering (RNAi) HepG2 and Hep3B cells through real-time PCR tests. In addition, the cells were the subsequent tests. FDX1 sequences of RNA interference were forward strand 5′-CUAACAGACAGAUCACGGUTT-3′ and reverse strand 5′-ACCGUGAUCUGUCUGUUAGTT-3′.





Statistical analysis

Statistical analysis of this research was conducted by R software (version 4.2.1) and GraphPad Prism software (version 8.4.2). All data came from TCGA dataset, and analysis was performed using the survminer package in R software. Immune infiltration analysis was performed using CIBERSORT and GSVA packages. Survival analysis was performed using Kaplan–Meier analysis (log-rank test). Clinical data comparison was based on the two-tailed Mann–Whitney U-test. Cell experiment analysis was based on the unpaired t-test. A p-value of <0.05 was considered significant.






Results




High expression of FDX1 enhances survival of patients with LIHC

We obtained RNAseq dataset and clinical information of 424 samples from TCGA datasets and filtered 365 LIHC cases with RNAseq dataset and paired clinical and survival information. Clinical data of the LIHC cohort are shown in Table 1. This cohort mainly included LIHC cases of I–III stages [337 (92.3%)]. There were 256 (70.1%) patients with history LIHC risk factors, such as alcohol consumption, HBV, HCV, or/and complex risk factors, and 112 (30.7%) patients with family cancer history. First, we found that there was no significant different in expression of FDX1 between normal and LIHC tissues (Figure 1A). According to the count median value of FDX1 expression, the cohort was regarded as low and high groups of FDX1 expression. As shown in Figures 1B–E, overall survival (OS), progression-free interval (PFI), disease-specific survival (DSS), and disease-free interval (DFI) in the high-FDX1 group were significantly better than that in the low group. These results revealed that LIHC cases with a high FDX1 expression had a better survival.




Figure 1 | FDX1 expression improved patient survival in HCC. (A) FDX1 expression between normal and LIHC tissues from TCGA dataset (n = 50). Statistics based on the paired samples Wilcoxon signed-rank test. (B–E) Kaplan–Meier analysis of overall survival (OS) (B), progression-free interval (PFI) (C), disease-specific survival (DSS) (D), and disease-free interval (DFI) (E) in liver hepatocellular carcinoma (LIHC) stratified by FDX1 expression (n = 365). Median value of FDX1 expression was determined as the cutoff point. All data came from TCGA dataset, and analysis was performed using the survminer package in R software. (F) Kaplan–Meier analysis of OS in an HCC patient cohort in the real world from Zhuhai People’s Hospital stratified by FDX1 expression (n = 57).



To demonstrate the result, a retrospective HCC cohort from Zhuhai People’s Hospital was studied. This cohort contained 57 HCC cases with I/II/III stages from August 2016 to January 2022. There were 41 (72%) patients with history HCC risk factors and 12 (21%) patients with family cancer history (Table 2). FDX1 expression was detected in tumor samples of these cases using real-time PCR. Low and high groups were divided according to the median value of FDX1 expression. Five years of follow-up data indicated that OS was better in the high–FDX1 expression group than the low group (Figure 1F). The result further demonstrated that high expression of FDX1 was beneficial for survival and outcome of patients with HCC.





Correlation between expression of FDX1 and LIHC clinical characteristic

We further explored correlation between expression of FDX1 and LIHC clinical characteristic. In the LIHC cohort from the TCGA dataset, expression of FDX1 in male patients with LIHC was more than that in female patients (Figure 2A). In addition, expression of FDX1 was correlated with family cancer history (Figure 2C). There was no correlative among age in the LIHC cohort (Figure 2B). FDX1 expression in patients with LIHC with risk factors (alcohol consumption, hepatitis B, or hepatitis C) and in the no-risk factor group was no different, although there was a significant difference between patients with no-risk factor, alcohol consumption, or Hepatitis B and the complex group (Figure 2D). We further found that there was a significant correlation in the expression of FDX1 among pathologic stage (Figure 2E). In the LIHC cases with stage I, FDX1 expression was more than the stage II or stage III cases. In our retrospective LIHC cohort, there was no marked different between FDX1 expression and clinical information, but the variation trend of FDX1 in gender, family cancer history, and pathologic stage was similar with that in the LIHC cohort (Figure S1).




Figure 2 | Effects of clinical characteristic on expression of FDX1 in LICH. (A–E) Correlation between FDX1 expression and gender (A), age (B), family cancer history (C), risk factor (D), and pathologic stage (E) in LIHC (n = 365). Statistics based on the two-tailed Mann–Whitney U-test. *p < 0.05, ***p < 0.001.







FDX1 ameliorates tumor immune microenvironment of LIHC

To elucidate improvement reasons of LIHC survival, we explored correlation of immune infiltration and FDX1 expression. Cibersort analysis indicated that immune infiltration in LIHC cases with low and high FDX1 expressions had a significant difference in proportion of T cells, macrophages, resting mast cells, and eosinophils cells (Figure 3A). ssGSEA result showed that activated B cells, CD56dim NK cells, macrophages, monocytes, NK cells, eosinophil/neutrophil, and type 1/17 T helper cell had a higher expression in the high-FDX1 group, and many types of T cells had a higher expression in the low-FDX1 group (Figure 3B). Furthermore, we found that expression of PD-1 was decreased in high-FDX1 group (Figure 3C). These results might explain better survival in LIHC with a high expression of FDX1.




Figure 3 | Comparison of immune characteristics between high– and low–FDX1 expression groups in HCC. (A, B) Proportion of immune cells (A) and expression of immune cells (B) between high and low groups of FDX1 expression in the LIHC cohort using cibersort analysis and ssGESA analysis, respectively. *p < 0.05, **p < 0.01, and ***p < 0.001; ns, no significance. (C) PD-1 and PD-L1 expression between the high– and low–FDX1 expression groups in the LIHC cohort. Statistics based on the two-tailed Mann–Whitney U-test. *p < 0.05; ns, no significance. (D) High/low expression of FDX1 in the HCC cohort (n = 5). Statistics based on the unpaired t-test. ***p < 0.001. (E) Representative mIHC images of LIHC samples stained with CD8+ T cells, CD57+ NK cells, CD68+ macrophages, CD19+ B cells, PD-1 protein, and cell nucleus (DAPI). Scale bar, 100 μM.



To further demonstrate these results, we screened patients with LIHC with a low or high expression of FDX1 (Figure 3D). CD8+ T cells, CD57+ NK cells, CD68+ macrophages, CD19+ B cells, and PD-1 were stained in LIHC samples. As shown in Figure 3E, NK cells, macrophages, and B cells in infiltration of the tumor tissue from high FDX1 cases were significantly enhanced. However, PD-1 expression was higher in low FDX1 cases (Figure 3E). Thus, change of tumor immune microenvironment was one of the main reasons of survival difference in patients with LIHC with a low/high FDX1 expression.





FDX1 promotes cuproptosis of tumor cells in patients with LIHC

FDX1 was demonstrated as a key regulatory factor of the cuproptosis pathway (9). Then whether cuproptosis also was one of the main reasons in survival improvement of LIHC with a high FDX1 expression, we detected viability of tumor cells from LIHC cases with a low/high FDX1 expression. As shown in Figure 4A, tumor cell viability in the low-FDX1 group was higher than that in the high-FDX1 group. The similar result was found in HepG2 cells with FDX1 knockdown (Figures 4B, C). Meanwhile, Cu2+ tolerance in HepG2 cells with FDX1 knockdown was significantly increased compared with the control group (Figure 4C), which suggested that tumor cells with a high FDX1 expression was easier to be caused cuproptosis at the same Cu2+ content. Migration of HepG2 cells with FDX1 knockdown was also markedly enhanced (Figures 4D, E). The consistent results were also found in Hep3B cells after knockdown of FDX1 expression (Figures 4F–H). These data revealed that a high expression of FDX1 promoted cuproptosis of LIHC cells to decrease prefiltration and migration abilities of tumor cells, which was also one of the main reasons in survival improvement of LIHC with a high FDX1 expression.




Figure 4 | Low expression of FDX1 promoted proliferation and migration of hepatic cancer cells through decreasing cuproptosis. (A) Cell viability of HCC sample with low and high expressions of FDX1 (n = 5). Statistics based on the unpaired t-test. **p < 0.01. (B) FDX1 expression in siControl and siFDX1 HepG2 cells. Statistics based on the unpaired t-test. ***p < 0.001. (C) Cell viability of siRNA HepG2 cells treated with different dose of Elesclomol for 24 h (n = 5). Statistics based on the unpaired t-test. *p < 0.05 and ***p < 0.001. (D) Cell migration was detected in siRNA HepG2 cells after different treatments using cell viability analysis (n = 5). Statistics based on the unpaired t-test. ***p < 0.001. (E) Representative colony formation images of siRNA HepG2 cell staining with crystal violet staining after Elesclomol treatment using a Transwell coculture method. (F) FDX1 expression in siControl and siFDX1 Hep3B cells. Statistics based on the unpaired t-test. ***p < 0.001. (G) Cell viability of siRNA Hep3B cells treated with or without 100 nM Elesclomol for 24 h (n = 5). Statistics based on the unpaired t-test. **p < 0.01. (H) Cell migration was detected in siRNA Hep3B cells after different treatments using cell viability analysis (n = 5). Statistics based on the unpaired t-test. **p < 0.01.








Discussion

Cuproptosis involved in the improvement of survival in patients with HCC through the FDX1-mediated cell death pathway. Our study using the LIHC cohort of TCGA dataset and a 57-HCC retrospective cohort demonstrated that a high expression of FDX1 could enhance OS, PFI, DSS, and DFI of patients with HCC. High FDX1 expression or high Cu2+ concentration promoted cuproptosis of HCC cells, which was a reason for the improvement of survival in patients with HCC. Meanwhile, immune infiltration, such as NK cells, macrophages, and B cells, was higher and PD-1 expression was lower in the high–FDX1 expression group with HCC compared with that in the low–FDX1 expression group. These results showed that a high expression of FDX1 promoted immune cells to infiltrate HCC tissues and induced immune response. We speculated that the change of tumor immune microenvironment might be caused by cuproptosis-induced neoantigen production in patients with HCC with different expression of FDX1.

Copper homeostatic mechanisms were systematically reported by Tsvetkov’s team in 2022, which first revealed FDX1-mediated cuproptosis through the aggregation of lipoylated proteins and destabilization of Fe-S cluster proteins (9). Since then, the research studies of cuproptosis in tumors were of widespread interest. Many studies explored the effects of cuproptosis on different tumors, such as lung adenocarcinoma (LUAD) (13), kidney renal clear cell carcinoma (KIRC) (14), and LIHC (15), using the TCGA and/or Gene Expression Omnibus (GEO) databases. In LUAD, patients with a high risk score using the least absolute shrinkage and selection operator Cox regression algorithm had a worse survival (13). High cuproptosis scores caused poor prognosis in KIRC (14). The high expression of FDX1 exhibited a longer survival than the low-expression group in TCGA-LIHC, GSE14520, and the liver cancer project (code: LIRI_JP) of the International Cancer Genome Consortium (ICGC) (ICGC-LIRI) cohorts (15). Our study also found the similar result, which was demonstrated using a clinical cohort with 57 HCC cases. In LIHC cells, a high FDX1 expression or Cu2+ content promoted cell cuproptosis and decreased cell prefiltration and migration. Thus, cuproptosis was one of the main reasons in survival improvement of LIHC with a high FDX1 expression.

Tumor neoantigen-induced antitumor immunity is a favorable attention of tumor immunotherapy, except for immune checkpoint inhibitors (ICIs). Production of tumor neoantigen induced by pyroptosis, necrosis, and ferroptosis was demonstrated from more and more evidences. Radiotherapy was considered as turning immunologically “cold” tumors “hot” through cancer death-causing the release of pro-inflammatory mediators and neoantigen, which increased tumor immune cell infiltration (16–18). High-frequency irreversible electroporation produced the neoantigens through causing pyroptosis and necrosis of tumor cells in vivo and in vitro (19, 20). Ferroptosis induced tumor-specific immune responses and enhanced the effect of immunotherapy (21, 22). These research studies suggested that cuproptosis of tumor cells might also cause production of tumor neoantigens. In the present study, a high expression of FDX1 promoted death of LIHC cells, and patients with HCC with a high FDX1 expression displayed higher immune cell infiltration compared with the low FDX1 expression cases. Cuproptosis-induced neoantigen production might be involved in remodeling of tumor immune microenvironment and enhance survival of patients with HCC.

This study reveals reasons of survival improvement in patients with HCC with a high expression of FDX1 from two sides: Immune infiltration is high and PD-1 expression is low in the patients with HCC with a high expression of FDX1; a high FDX1 expression reduces tumor prefiltration and migration abilities through the cuproptosis pathway. Overall, cuproptosis and tumor immune microenvironment were together involved in improvement of survival in patients with HCC with a high expression of FDX1.
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Background: Natural killer (NK) cells are a type of innate immune cell that recognize and eliminate tumor cells and infected cells, without prior sensitization or activation. Herein, we aimed to construct a predictive model based on NK cell-related genes for hepatocellular carcinoma (HCC) patients and assess the feasibility of utilizing this model for prognosis prediction.
Methods: Single-cell RNA-seq data were obtained from the Gene Expression Omnibus (GEO) database to identify marker genes of NK cells. Univariate Cox and lasso regression were performed to further establish a signature in the TCGA dataset. Subsequently, qPCR and immunohistochemistry (IHC) staining were employed to validate the expression levels of prognosis signature genes in HCC. The effectiveness of the model was further validated using two external cohorts from the GEO and ICGC datasets. Clinical characteristics, prognosis, tumor mutation burden, immune microenvironments, and biological function were compared for different genetic subtypes and risk groups. Finally, molecular docking was performed to evaluate the binding affinity between the hub gene and chemotherapeutic drugs.
Results: A total of 161 HCC-related NK cell marker genes (NKMGs) were identified, 28 of which were significantly associated with overall survival in HCC patients. Based on differences in gene expression characteristics, HCC patients were classified into three subtypes. Ten prognosis genes (KLRB1, CD7, LDB2, FCER1G, PFN1, FYN, ACTG1, PABPC1, CALM1, and RPS8) were screened to develop a prognosis model. The model not only demonstrated excellent predictive performance on the training dataset, but also were successfully validated on two independent external datasets. The risk scores derived from the model were shown to be an independent prognosis factor for HCC and were correlated with pathological severity. Moreover, qPCR and IHC staining confirmed that the expression of the prognosis genes was generally consistent with the results of the bioinformatic analysis. Finally, molecular docking revealed favorable binding energies between the hub gene ACTG1 and chemotherapeutic drugs.
Conclusion: In this study, we developed a model for predicting the prognosis of HCC based on NK cells. The utilization of NKMGs as innovative biomarkers showed promise in the prognosis assessment of HCC.
Keywords: natural killer cells, hepatocellular carcinoma, prognosis, immune microenvironment, ScRNA-seq
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most common type of liver cancer and a leading cause of cancer-related deaths worldwide (Llovet et al., 2016; Villanueva, 2019). The incidence of HCC has been increasing in recent years, and it is estimated that approximately 1 million will have been diagnosed by 2025 (Bray et al., 2018). HCC is a complex disease characterized by persistent inflammatory harm, cellular regeneration and death (Forner et al., 2018). Irregularities in genetic expression and the tumor microenvironment were the fundamental factors that promote cancer cell survival (Hanahan and Weinberg, 2011).
Natural killer (NK) cells, a subset of innate lymphocytes, were involved in the early defense against cancer and certain viral infections and also played a key role in the immune response against HCC (Vivier et al., 2008; Yu and Li, 2017). In the early stages of HCC, NK cells limited tumor growth and spreaded by mechanisms such as direct killing of tumor cells and secretion of toxic cytokines (Sun et al., 2015). However, the immunosuppressive tumor microenvironment in HCC might compromise NK cell function. With the development of HCC, tumor cells evaded NK cell surveillance and attack through various mechanisms, such as reducing the expression of NK cell activation receptors NKG2D and ULBP, or increasing the expression of inhibitory receptors (Mantovani et al., 2020). Therefore, clarifying the interplay between HCC and NK cells is critical for the development of effective immunotherapeutic strategies against this deadly disease.
In this study, we identified distinct genetic subtypes in order to unravel the tumor heterogeneity of HCC. Moreover, we developed a prognosis model based on NK cells. We aimed to demonstrate the value of NK cell-related genes for assessing the prognosis of HCC patients through a comprehensive analysis of genomic data and explored differences in tumor genetics and immune landscape in HCC.
MATERIALS AND METHODS
Data source and acquisition
The single cell (sc) transcriptome file of GSE146115 was downloaded from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/). The training datasets (LIHC) were obtained from The Cancer Genome Atlas (TCGA; https://tcga-data.nci.nih.gov/tcga/). The validation datasets (GSE14520 and LIRI-JP) were downloaded from the GEO database and the International Cancer Genome Consortium (ICGC; http://www.icgc.org), respectively.
Identification of NK cell marker genes by single cell RNA-seq analysis
To ensure the retention of high-quality scRNA-seq data, three filtering criteria were implemented on the raw data matrix for each cell. Specifically, only genes that exhibited expression in a minimum of five single cells were retained, cells expressing fewer than 100 genes were discarded, and cells with greater than 5% expression of mitochondrial genes were excluded from analysis. The Seurat R package (Stuart et al., 2019) was utilized to preprocess the single-cell transcriptome datasets based on its functions. The data were initially normalized using the NormalizeData function with a scale factor of 10,000 and the LogNormalize normalization method. Next, the top 1,500 most variable genes were identified using the FindVariableFeatures method. Principal component analysis (PCA) was performed using the RunPCA function, and statistically significant PCs were identified using the Jackstraw function based on the proportion of variance explained. Cell clustering was executed by using FindNeighbors and FindClusters functions with default parameters. Subsequently, t-distributed stochastic neighbor embedding (t-SNE) was performed using the RunTSNE function. The function FindAllMarkers was used to analyze differentially expressed genes (DEGs) between various cell types. For identifying marker genes for each cluster, an adjusted p-value <0.05 and |log2 (fold change) | >1 was utilized. For cluster annotation, a reference-based annotation was performed using reference data from the Human Primary Cell Atlas (Mabbott et al., 2013). Lastly, we used SingleR (Aran et al., 2019) to annotate the clustering outcomes acquired via Seurat.
Consensus clustering analysis
The consensus clustering analysis was performed to investigate the heterogeneity of NKRG expression in HCC, using the ConsensusClusterPlus algorithm (Wilkerson and Hayes, 2010) to reclassify patients. To determine the optimal number of subtypes, the cumulative distribution function (CDF) and consensus matrices were used.
Tumor mutation burden and immunogenomic landscape analysis
The analysis involved creating a waterfall plot of the mutation landscape using the R package “maftools” (Mayakonda et al., 2018), which highlighted the genes with the highest mutation frequency (Top 20). The frequencies of copy number variation (CNV) were also calculated, and the resulting data were presented in lollipop plots. Additionally, the “RCircos” package in R software was utilized to visualize the locations of these genes on the chromosomes. The “estimate” package was employed to compute the immune or stromal fraction of the tumor microenvironment (TME) using the ESTIMATE algorithm (Yoshihara et al., 2013). The CIBERSORT algorithm (http://cibersort.stanford.edu/) was utilized to evaluate the infiltration of immune cells. To determine the frequency of each immune cell type, ssGSEA analysis was performed, yielding ssGSEA scores (Hänzelmann et al., 2013).
Pathway and function enrichment analysis
The R package “clusterProfiler” was used to perform Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis (Yu et al., 2012). A p-value of <0.05 was considered to indicate significant enrichment.
Cell culture
HCC cells (Huh7 and HepG2) and LO2 cells (as control cells) were obtained from Fubo Bio (Beijing, China) and maintained in Dulbecco’s modified eagle medium (DMEM) supplemented with 10% fetal bovine serum (FBS), 100 U/mL penicillin, and 100 μg/mL streptomycin. The 5 × 105 LO2, HepG2, and Huh7 cells were seeded in 6-well plates at 37°C in 5% CO2 with saturated humidity.
Quantitative real-time PCR
Total RNA was extracted from human tissues or cells using the TRIzol reagent (Invitrogen, CA, United States) according to the manufacturer’s instructions and was quantified using Nanodrop 2000 (Wilmington, DE, United States). Total RNA (1 mg) was used as the template for cDNA synthesis using the cDNA reverse transcription kit (Toyobo, Jan). The quantitative reverse transcription-polymerase chain reaction (qRT-PCR) assay was conducted using the Real-time PCR Detection System (Agilent Technologies, United States) with the SYBR Green Real-time PCR Master Mix (Toyobo, Jan). The primers used in this study are provided in Table S1, using GAPDH as an internal control gene. The experiments were performed in triplicate and repeated three times.
Immunohistochemistry analysis
The protein-level expression was evaluated through immunohistochemistry (IHC) staining of tumor and normal clinical samples using the Human Protein Atlas database (HPA, http://www.proteinatlas.org). The HPA database provided photomicrographs of IHC staining in HCC and matching normal tissues, along with pathology and tissue sections.
Construction and validation of prognosis signature based on NK cell marker genes
Limma (Ritchie et al., 2015) were used to identify differentially expressed genes between tumor and normal tissue. Univariate Cox regression analysis was performed to evaluate the prognostic value of NK cell marker genes for overall survival (OS) in the TCGA cohort, with genes having p < 0.05 deemed as prognosis genes. LASSO Cox proportional hazards regression was then employed using the “glmnet” package to assess the prognosis genes, with 10-fold cross-validation conducted to select the best model. A multivariate Cox regression analysis was carried out to identify the prognostic values of specific gene signatures, with the risk model constructed by a linear combination of the mRNA expression of genes and the relevant risk coefficient. The patients were classified into low- or high-risk groups based on the median cut-off value. The discrimination and calibration of the risk model were assessed using receiver operating characteristics (ROC) curves and calibration curves. To assess the model’s diagnostic value and applicability, the clinical impact curve (CIC) were performed by using the resample bootstrap method (bootstrap replications = 1,000). The continuous net reclassification improvement (NRI) and integrated discrimination improvement (IDI) were computed in order to evaluate the improvement and applicability of the new model in reclassification. Confidence intervals for NRI and IDI were generated with the bootstrap method with 1,000 replications. The 10-fold and 1000-time bootstrap resampling were used to assess the stability of the model.
Protein-Protein interaction and molecular docking
Protein-Protein interaction (PPI) analysis were performed with STRING (http://string-db.org). The protein structures were downloaded from the Uniprot database (http://www.uniprot.org), and the drug structures were downloaded from the Pubchem database (https://pubchem.ncbi.nlm.nih.gov). Molecular docking and binding energies were calculated by SwissDock (http://www.swissdock.ch/docking). Interactions between protein and drug were analyzed using the Protein-Ligand Interaction Profiler (PLIP; https://plip-tool.biotec.tu-dresden.de/plip-web/plip/index). The visualization of the docking structure was performed using PyMol software (version 2.5.4).
Statistical analysis
The analysis of data in this study was carried out using the R software (version 4.2.0) for statistical analysis, and the Sangerbox platform (Shen et al., 2022) for bioinformatics analysis. The Wilcoxon rank-sum test was utilized to compare variables that were not normally distributed, while the independent Student’s t-test was used to compare continuous variables between two groups. Categorical variable data were analyzed using the chi-squared test. Correlations were examined using the Pearson chi-square test. P < 0.05 was set as a significant threshold.
RESULTS
Identification of HCC-related NK cell marker genes
Based on scRNA-seq data from GSE146115, we obtained gene expression profiles of 3,200 cells from four HCC samples. We conducted PCA using the top 1,500 variable genes to reduce the dimensionality, and 18 cell clusters were identified (Figure 1A). Subsequently, the cells were annotated using a reference dataset from the Human Primary Cell Atlas and cells in the pink cluster were defined as NK cells (Figure 1B). 161 genes exhibited different expression profiles from other clusters and were defined as HCC-related NK cell marker genes (NKMG) (Figure 1C, Supplementary Table S2).
[image: Figure 1]FIGURE 1 | Single-cell RNA-sequencing analysis identified NK cell marker genes (A) tSNE clustering colored by groups. (B) The annotation of each cluster based on marker analysis. (C) Heatmap showing the top 5 marker genes in each cell cluster.
Identification of three NK-related subtypes in HCC patients
111 HCC-related NKMGs were significantly different between normal and HCC patients (Figure S1). After analysis of these genes expression characteristics by unsupervised clustering, patients with HCC in the TCGA cohort were divided into three subtypes (Figures 2A–C). Among them, we found a unique cluster 1 (C1), which had an extremely poor prognosis, and its median survival time was significantly lower than that of cluster 2 (C2) and cluster 3 (C3), almost one-third of theirs (p < 0.001, Figure 2D). Therefore, we further explored the differences in gene expression among the three subtypes and found that genes related to ribose-phosphate pyrophosphokinase (RPS) and prolactin (PRL) were significantly upregulated in C1 (Figure 2E). The functional enrichment, including GO and KEGG analysis, showed that the differential gene expression was mostly related to RNA transcription and protein synthesis, such as structural constituents of the ribosome, rRNA binding, SRP-dependent cotranslational protein targeting to the membrane, and nuclear-transcribed mRNA catabolic processes (Supplementary Figure S2).
[image: Figure 2]FIGURE 2 | Identification and prognostic evaluation of three subtypes based on NKMGs in HCC. (A) Consensus clustering cumulative distribution function (CDF) for k = 2 to 9. (B) Relative change in the area under the CDF curve for k = 2 to 9. (C) HCC patients in the TCGA cohort were divided into four distinct clusters when k = 3. (D) K-M survival analysis of the OS status of HCC patients in three subtypes. (E) Heatmap of the differential NKMGs expression in three subtypes.
Tumor mutation burden and tumor immune microenvironments in three NK-related subtypes
The mutation frequencies of the HCC-related NKMGs (top 20) in HCC were initially identified in the three subtypes (Figures 3A–C). The mutations were mainly concentrated on four genes: TP53, CTNNBA, TTN, and MUC16. The mutation of CTNNB1 was the most important mutation event in C2 and C3 (accounting for 25% and 30%, respectively). However, the CTNNB1 mutation accounted for only 22% of the total mutational events in C1, which had the lowest percentage of CTNNB1 mutation events among the three subgroups. Compared to the other two subgroups, the mutation frequency of TP53 in C1 was the highest, reaching up to 37%. Most of the gain-of-function mutations were found in NLRP3 and LY96, whereas most of the loss-of-function mutations were located in NLRP3 and TLR3 (Figures 3D–F). Then, we explored the heterogeneity of immune microenvironments among different subtypes. Although there were differences between the groups, the results indicated that the tumor purity, stromal scores, and immune scores of C1 were mostly intermediate between those of C2 and C3 (Figures 3G, H). Subsequently, we employed the CIBERSORT algorithm to conduct further analysis of the immunological infiltration among different subgroups in order to observe the inherent differences in immune cell composition (Figure 3I; Supplementary Figure S2). The results showed that in C1, the expression levels of several immune cells were significantly upregulated, including T cells CD8, T cells CD4 memory activated, macrophages M0, dendritic cells activated, and mast cells resting. On the other hand, the expression levels of plasma cells, T cells follicular helper, monocytes, and eosinophils were significantly downregulated (p < 0.05).
[image: Figure 3]FIGURE 3 | Tumor mutation burden and Immune microenvironment of three subtypes in HCC patients. (A–C) Waterfall maps of the somatic mutation landscape in three subtypes. (D–F) Lollipop diagrams of the copy number abnormalities indicates the degree of copy number loss (green) or gain (red). The stromal scores, immune scores (G), and tumor purity (H) for three subtypes by Mann-Whitney U-test (I) The boxplot of immune infiltration cells between three subtypes of HCC. (*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001).
Identification and external validation of the NK cell prognosis signature in HCC
To develop a prognosis signature based on NKMGs, we first utilized the TCGA cohort as the training set to conduct a univariate Cox regression analysis. As a result, we identified 28 NK cell marker genes that were significantly associated with overall survival (OS) (Figure 4A). We subsequently performed LASSO Cox regression analysis, of which 10 were selected for inclusion in the prognosis signature, as shown in Figures 4B, C. These NKcell-related prognosis genes (NKPGs) were KLRB1, CD7, LDB2, FCER1G, PFN1, FYN, ACTG1, PABPC1, CALM1, and RPS8.
[image: Figure 4]FIGURE 4 | Identification and external validation of the HCC-related NK cell prognostic signature. (A) Forest plot based on univariate Cox analysis in the TCGA cohort. (B) LASSO coefficients of the NKMGs (C) Tenfold cross-validation for tuning parameter selection in the Least absolute shrinkage and selection operator (LASSO) model. Ten genes were selected by the LASSO Cox models (D)The expression levels of 10 genes in human normal liver cell line (LO2) and two HCC cell lines (HepG2 and Huh7) were examined by qRT-PCR. (E) The expression level of genes determined by immunohistochemistry in cancer tissues and normal tissues obtained from HPA datasets. Scale bar, 100 μm.
To further elucidate the relationship between prognosis genes and HCC, we conducted qPCR analysis on a human normal liver cell line (LO2) and two HCC cell lines (HepG2 and Huh7) (Figure 4D). The results demonstrated that the expression of FCER1G, PFN1, ACTG1, PABPC1, CALM1, and RPS8 was significantly upregulated in the liver cancer cells, whereas KLRB1, LDB2, and FYN exhibited the opposite trend. These findings were consistent with results obtained from the TCGA cohort, except for FCER1G (Supplementary Figure S2). While CD7 and FCER1G displayed an upward trend in HCC, there were no significant differences between the groups. Except for RPS8, which was not available in the HPA database, we explored the protein expression of other NKPGs in HCC tissues (Figure 4E). Compared with normal liver tissue, FCER1G, PFN1, ACTG1, PABPC1, and CALM1 were found to be highly expressed, while KLRB1, LDB2, and FYN were found to be lowly expressed in HCC.
Establishment and validation of the HCC-related NK cell prognosis model
We constructed a Prognosis model using the 10 NKPGs selected above and named it HNK-10. The risk score of each HCC patient was calculated as follows: Risk score = (−0.414 × KLRB1 expression) + (0.067 × CD7 expression) + (−0.003 × LDB2 expression) + (0.157 × FCER1G expression) + (0.068 × PFN1 expression) + (−0.133 × FYN expression) + (0.105 × ACTG1 expression) + (0.087 × PABPC1 expression) + (0.403 × CALM1 expression) + (0.083 × RPS8 expression). To validate the performance of the model, we conducted a time-dependent ROC analysis in three independent cohorts. In the TCGA cohort, the AUCs for 1-year, 2-year, and 3-year OS were 0.770, 0.745, and 0.734, respectively (Figure 5A). In the GSE14520 cohort, the corresponding AUCs were 0.645, 0.665, and 0.635 (Figure 5B). In the ICGC cohort, the AUCs were 0.774, 0.679, and 0.664, respectively (Figure 5C). The risk scores demonstrated superior discrimination compared to age, gender, tumor stage, and pathological grade, as evidenced by significantly higher AUC values (Figures 5D–F). The calibration curves showed a favorable level of concordance between the model predictions and the actual observed probabilities (Figures 5G–I). Moreover, the clinical impact curves indicated that the model had a positive impact on clinical decision-making, further supporting its efficacy (Figures 5J–L). As demonstrated in Figures 5M, N, univariate and multivariate Cox regression analysis revealed that the risk scores were independent predictors of OS compared to other clinical indications. The NRI and IDI showed that the HNK-10 model had better predictive accuracy than other clinical parameters (Supplementary Table S3). The 1000-time bootstrap accuracy was 70.68% and 10-fold accuracy was 71.18%, which showed good robustness of the HNK-10 model.
[image: Figure 5]FIGURE 5 | Establishment and validation of the HNK-10 models in HCC. Time-dependent receiver operating characteristic (ROC) curve analysis in the TCGA (A), GEO (B), and ICGC (C) cohorts. ROC curves of clinical parameters in the TCGA (D), GEO (E), and ICGC (F) cohorts. The calibration curves for 1-, 2-, and 3-year overall survival in the TCGA (G), GEO (H), and ICGC (I) cohorts. Clinical impact curves for predicting OS in HCC patients in the TCGA (J), GEO (K), and ICGC (L) cohorts. Univariate (M) and multivariate (N) Cox regression analysis of clinicopathological features.
The HNK-10 model had better discrimination for immune-related HCC patients
We computed immune scores for patients using the ESTIMATE algorithm. Patients with immune scores exceeding 1,000 were classified as immune-related patients. They were put into the model as the internal (TCGA) and external (GEO) cohorts. In the internal cohort, the AUCs for 1-year, 2-year, and 3-year OS were 0.751, 0.797, and 0.818, respectively (Figure 6A). In the external cohort, the AUCs for 1-year, 2-year, and 3-year OS were 0.818, 0.836, and 0.699 (Figure 6B). Compared to other clinical parameters, risk scores demonstrated better discrimination (Figures 6C, D). These results suggested that the HNK-10 model had more accurate predictive power in immune-related HCC patients compared to the full cohort of patients.
[image: Figure 6]FIGURE 6 | The discrimination of HNK-10 model for immune-related HCC patients. Time-dependent receiver operating characteristic (ROC) curve analysis in the internal (A) and external (B) cohorts. ROC curves of clinical parameters in the internal (C) and external (D) cohorts.
The relationship between risk score, prognosis and pathological state
The median risk score was 5.315, which divided the patient population into low-risk (n = 185) and high-risk (n = 185) groups. The KM survival curves revealed significantly lower OS in the high-risk group compared to the low-risk group in three cohorts (p < 0.05, Figures 7A–C). The relationship between risk scores and vital status among HCC patients was illustrated using scatter plots and risk curves (Figures 7D–F). Additionally, higher risk scores were significantly associated with poor survival status (Figures 7G–I) and advanced tumor stages (Figures 7J–L) across all three cohorts.
[image: Figure 7]FIGURE 7 | The risk score was related to HCC prognosis and pathological state. (A) K-M survival analysis of the ICDRGs risk model in the TCGA (A), GEO (B), and ICGC (C) cohorts for HCC patients. (B) Risk triple plots, including risk dispersion plots, survival time scatter plots, and heatmaps of model gene expression in the TCGA (D), GEO (E), and ICGC (F) cohorts. Boxplots of risk scores in HCC patients with different status of survival (G–I) and stages (J–L). Status: 0 = alive, 1 = death.
Tumor mutation burden and microenvironment landscape in different HCC risk groups
In the low-risk group, most of the gain-of-function mutations were observed in PIK3CA, while most loss-of-function mutations were found in TP53 (Figure 8A). In the high-risk group, most of the gain-of-function mutations were observed in STAT1, while most loss-of-function mutations were located in HGMB1 (Figure 8B). The chromosome locations of these gene mutations were shown in Figures 8C, D. Furthermore, we compared the mutation profiles of the top 20 genes in different HCC subtypes (Figures 8E, F). Notably, the high-risk group had a higher frequency of TP53 mutations (37%) compared to the low-risk group (15%).
[image: Figure 8]FIGURE 8 | Differences in Tumor microenvironment and biological functions between different risk groups. The lollipop diagrams of the copy number abnormalities in the low-(A) and high-(B) risk groups (loss for green; gain for red). Circus plots of the chromosome distributions of selected genes in the low-(C) and high-(D) risk groups. Waterfall maps of the somatic mutation landscape in the low-(E) and high-(F) risk groups. The bar plot of the GO (G) and KEGG (H) pathways enrichment. (I)The gene set enrichment analysis (GSEA) for GO and KEGG for high-risk and low-risk groups of HCC patients.
Differences in biological functions between different risk groups of HCC
In order to identify the molecular mechanisms regulating prognosis, we further identified the key 2170 DEGs in high- and low-risk groups (Supplementary Figure S5) and then performed GO and KEGG pathway enrichment analysis on the above DEGs. Based on the results of the GO analysis, the DEGs were predominantly enriched in pathways related to nuclear division, organelle fission, mitotic cell cycle phase transition, chromosomal region and spindle (Figure 8G). Based on the results of the KEGG analysis, the DEGs were predominantly enriched in pathways related to cell cycle, complement and coagulation cascades, drug metabolism, DNA replication, and metabolism of xenobiotics by cytochrome P450 (Figure 8H). We additionally conducted GSEA analysis, as demonstrated in Figure 8I. Based on the results of GO enrichment analysis, biological processes highly associated with cell cycle process, mitotic cell cycle process, and regulation of cell cycle in the high-risk group. Cellular lipid metabolic process, lipid metabolic process, monocarboxylic acid metabolic process, organic acid metabolic process, and small molecule metabolic process were enriched in the low-risk groups. Based on the results of KEGG enrichment analysis, biological processes highly associated with cell cycle, DNA replication, oocyte meiosis, p53 signaling pathway, and progesterone mediated oocyte maturation in the high-risk group. Complement and coagulation cascades, drug metabolism cytochrome p450, metabolism of xenobiotics by cytochrome p450, retinol metabolism and steroid hormone biosynthesis were enriched in the low-risk groups.
The docking conformation and interaction force analysis of HNK-10 hub gene
We used molecular docking to explore the role of NKPGs in chemotherapy. We first performed PPI analysis on 10 prognosis genes. Among them, ACTG1, which had the highest degree, was identified as the hub gene (Supplementary Figure S6). Molecular docking of ATCG1 was performed with the main chemotherapeutic agents [sorafenib, lenvatinib, regorafenib, and cabozantinib (Llovet et al., 2021)] used in first- and second-line clinical practice. Docking conformation and interaction force analysis of ACTG1 with four mainstream chemotherapeutic agents were shown in Figure 9. The results indicated that sorafenib forms four hydrophobic interactions, four halogen bonds, and 1 π-Stacking with amino acid residues of ACTG1, with a binding energy of −9.01 kcal/mol. Lenvatinib forms five hydrophobic interactions and four hydrogen bonds with amino acid residues of ACTG1, with a binding energy of −8.84 kcal/mol. Regorafenib forms four hydrophobic interactions, one hydrogen bond, and one halogen bond with the amino acid residues of ACTG1, with a binding energy of −8.43 kcal/mol. Cabozantinib forms 4 hydrophobic interactions, 1 hydrogen bond, and 2 π-Stacking with amino acid residues of ACTG1, with a binding energy of −8.70 kcal/mol.
[image: Figure 9]FIGURE 9 | The docking conformation and interaction force analysis between ACTG1 and sorafenib, lenvatinib, regorafenib and cabozantinib. Color symbols: yellow sticks for drug molecules, cyan sticks for amino acid residues, blue lines for hydrogen bonding, green lines for halogen bonding, yellow lines for π-Stacking, and gray dashed lines for hydrophobic interaction.
DISCUSSION
The emergence of HCC was gradual and unnoticeable, and the initial symptoms were not typical and posed difficulty in diagnosis. To address this challenge, our study aimed to develop an NK-related prognosis model consisting of 10 genes to predict the prognosis of HCC patients effectively. The results also highlighted the heterogeneity of the tumor immune microenvironment in different subtypes and risk groups, which might help to elucidating the immunological and biological mechanisms of poor prognosis.
According to the NKMGs signatures, we identified three distinct subtypes. The subtypes showed tumor heterogeneity mainly in terms of extensive genomic alterations and immune microenvironment. Notably, the clusters with the poorest prognosis had higher expression levels of the RPS and PRL protein families. The RPS protein family refers to the S family of ribosomal proteins on the ribosome, which are involved in the structure and function of the ribosome. Several studies have shown that members of the RPS family promote the development and metastasis of hepatocellular carcinoma mainly by increasing the proliferation and invasive ability of hepatocellular carcinoma cells (Calvisi et al., 2011; Guo et al., 2018). The PRL protein family is a group of proteins that are involved in a variety of physiological processes, including lactation, reproduction, and immune function. Some PRL family members mediated the phosphorylation of FAK, thus promoting the progression of hepatocellular carcinoma (Zhou et al., 2020). The results suggested that tumor cells might evade immune surveillance by NK cells by regulating ribosome synthesis and functional protein secretion to metastasize and invade tissues.
Next, we explored the heterogeneity of immune microenvironments among different subtypes. By analyzing the immune infiltration of the three subtypes, we found significant changes in the distribution and number of immune cells. As for the immune score, stromal score, and tumor purity in the three subtypes, interestingly, the subtype with the worst prognosis had scores almost in between the other two subtypes. This indicated that alterations of the immune microenvironment caused by differences in gene expression might be a key factor affecting prognosis. However, the ratio of immune cells to stromal cells might not be the basic reason for prognosis differences, but rather the ratio of various immune cells.
To better apply NKMGs to the clinical diagnosis of HCC, we screened 10 prognosis genes (KLRB1, CD7, LDB2, FCER1G, PFN1, FYN, ACTG1, PABPC1, CALM1, and RPS8). In vitro cell experiments and IHC, the expression of these genes in HCC was validated. Subsequently, we developed a new prognosis model (HNK-10). In the training and two external validation cohorts, the HNK-10 model demonstrated steady and reliable predictive performance. More importantly, the risk score calculated based on the model is an independent prognosis risk factor for HCC patients. Interestingly, we found that the HNK-10 model had better discrimination for immune-related HCC patients, which suggested that our model might be more applicable for the prognosis diagnosis of immune-related patients.
KLRB1 was the gene encoding CD161, which has been shown to inhibit the cytotoxicity of NK cells. Thus, KLRB1 downregulates the inhibitory molecule CD161 and enhances the ability of NK cells to kill infected or transformed cells (Aldemir et al., 2005). CD7 was a transmembrane glycoprotein normally expressed by the majority of peripheral T-cells and NK cells and their precursors, serving as a co-stimulatory protein aiding T-cell activation and interaction with other immune subsets (Rabinowich et al., 1994; Gomes-Silva et al., 2017). The stimulation of plate-bound anti-CD7 induced the production of IFN-γ and the proliferation of NK cells (Milush et al., 2009). Yu et al. (2017) identified a potential role for LDB2 in the pathogenesis of HCC, as significant downregulation of LDB2 was observed in most HCC samples and the ability of LDB2 to inhibit the proliferation and migration of HCC cells. While the function of FCER1G in HCC is not yet fully understood, a study by Dong et al. (2022) suggested that FCER1G was associated with macrophage infiltration and played a role in promoting unfavorable prognosis by affecting tumor immunity in clear cell renal cell carcinoma. PFN1 was mainly responsible for the polymerization of actin filaments and responds to extracellular signals, which were associated with cell proliferation and motility (Witke, 2004). Xie et al. (2018) suggested that PFN1 was a risk factor for poor prognosis in HCC. This was consistent with our findings. However, PFN1 was considered to be a suppressor molecule in breast cancer and its deletion leads to enhanced motility and invasiveness of breast cancer cells (Zou et al., 2007). Previous studies suggested that overexpression of PFN1 upregulated PTEN and inhibited AKT activation in breast cancer cells (Das et al., 2009). This difference may be due to the heterogeneity of the tumor. It was shown that mice overexpressing FYN had significantly reduced tumor volume and weight, suggesting that FYN significantly inhibits malignancy and promotes apoptosis of tumor cells (Huang et al., 2022). ACTG1 promoted HCC proliferation by regulating the cell cycle through downregulation of cell cycle proteins and cell cycle protein-dependent kinases, as well as inhibiting apoptosis through extra-mitochondrial pathways (Yan et al., 2019). High expression of PABPC1 was associated with low overall survival in HCC and was an independent prognosis factor in HCC (YuFeng and Ming, 2020). CALM1 was identified as one of the overexpressed genes in various cancers, mainly associated with cell proliferation, programmed cell death, and autophagy (Adeola et al., 2016; Zamanian Azodi et al., 2018; Zhang et al., 2018; Liu et al., 2021). RPS8 was confirmed to be highly expressed in alcohol-related HCC (Bi et al., 2020).
Using the HNK-10 model, we calculated the risk score for each HCC patient and found it to be an independent risk factor for poor prognosis. In addition, multiple bioinformatics analyses showed significant differences in gene mutation and immunological status between the high- and low-risk groups. Next, we conducted enrichment analysis on differentially expressed genes between high- and low-risk groups, and found that the main pathways were concentrated in the cell cycle, such as cell division and DNA replication. NK cells recognized and killed certain abnormal cells, including those with excessive DNA damage or in preparation for division during the cell cycle (Wu et al., 2020). In this case, NK cells destroy these abnormal cells by releasing cytotoxins or inducing apoptosis, thereby maintaining immune balance and homeostasis in the body. Interestingly, we also found that another part of the pathways was enriched in metabolism, especially drug metabolism in KEGG enrichment, which caught our attention. This suggested that NKMGs may not only play a role in immune regulation, but may also be effective in chemical drug therapy, which becoming a bridge between immunotherapy and chemotherapy. Therefore, we identified the hub gene ACTG1 among 10 prognosis genes through PPI analysis, and conducted molecular docking with four chemotherapy drugs in clinical practice. The binding energies were all less than −8.0 kcal/mol, indicating that the active ingredients have strong affinity with the target, and were stably bound to the target protein of ACTG1.
Our study still had some limitations. First, since this study was a retrospective investigation, prospective studies with real-world analysis are necessary to validate the application of this strategy. Second, our experimental validation was cell-based in vitro. If these results could be validated in animal models or clinical patients samples, it might increase the persuasiveness of this study.
In conclusion, this study concluded by identifying NKMGs in HCC patients, developing and validating a model for predicting the prognosis of HCC patients, which exhibited robust predictive capabilities. We also explored the differences of genetic mutations and immunological microenvironment to observe tumor heterogeneity from the perspective of NK cells. Our study contributed to a better understanding of the role of NK cells in HCC progression and provided evidence for NK-related genes as innovative predictors of prognosis in HCC.
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Introduction

Tumor purity takes on critical significance to the progression of solid tumors. The aim of this study was at exploring potential prognostic genes correlated with tumor purity in hepatocellular carcinoma (HCC) by bioinformatics analysis.





Methods

The ESTIMATE algorithm was applied for determining the tumor purity of HCC samples from The Cancer Genome Atlas (TCGA). The tumor purity–associated genes with differential expression (DEGs) were identified based on overlap analysis, weighted gene co-expression network analysis (WGCNA), and differential expression analysis. The prognostic genes were identified in terms of the prognostic model construction based on the Kaplan–Meier (K–M) survival analysis and Least Absolute Shrinkage and Selection Operator (LASSO) regression analyses. The expression of the above-described genes was further validated by the GSE105130 dataset from the Gene Expression Omnibus (GEO) database. We also characterized the clinical and immunophenotypes of prognostic genes. Gene set enrichment analysis (GSEA) was carried out for exploring the biological signaling pathway.





Results

A total of 26 tumor purity–associated DEGs were identified, which were involved in biological processes such as immune/inflammatory responses and fatty acid elongation. Ultimately, we identified ADCK3, HK3, and PPT1 as the prognostic genes for HCC. Moreover, HCC patients exhibiting higher ADCK3 expression and lower HK3 and PPT1 expressions had a better prognosis. Furthermore, high HK3 and PPT1 expressions and low ADCK3 expression resulted in high tumor purity, high immune score, high stromal score, and high ESTIMATE score. GSEA showed that the abovementioned prognostic genes showed a significant correlation with immune-inflammatory response, tumor growth, and fatty acid production/degradation.





Discussion

In conclusion, this study identified novel predictive biomarkers (ADCK3, HK3, and PPT1) and studied the underlying molecular mechanisms of HCC pathology initially.





Keywords: hepatocellular carcinoma, tumor microenvironment, tumor purity, prognostic gene, bioinformation analysis




1 Introduction

Hepatocellular carcinoma (HCC) has been confirmed as the most frequently reported primary liver cancer, that is, the sixth most common cancer worldwide (1, 2). It is estimated that about 80% of liver cancer cases are HCC (3–5). HCC was a polygenic disease caused by the interaction of a variety of tumor-promoting and tumor-suppressing genes with the tumor microenvironment (TME). However, its molecular mechanism remains unclear (6, 7). HCC is subjected to poor prognosis, and the major reason for this drawback arises from its late presentation and limited therapeutic options (8). Currently, surgery and chemotherapy are the mainstays of treatment for HCC, whereas the incidence of HCC continues to rise and is increasing more rapidly than any other cancer in men and women. HCC ranks among the top 10 cancers for morbidity and mortality, as reported by the systematic analysis of the Global Burden of Disease Study (GBD) (9). Since most HCC patients are diagnosed late, they too weak to resist the risk of surgery. Accordingly, it is urgent to find new diagnostic and prognostic markers for HCC, which may help in early diagnosis and guide treatment decisions for improving patient survival and quality of life. Tumor purity has been defined as the proportion of tumor cells in the TME (10), TME is a cell population composed of a wide variety of cells (e.g., stromal cells, fibroblasts, endothelial cells, and immune cells), and this cell population takes on critical significance to tumors’ occurrence and development (11). Moreover, cellular and molecular components in the TME may exert certain effects on treatment outcomes (12). Existing research has suggested that tumor purity may affect co-expression networks, cluster-based classification of tumor sub-types or molecular classification, and identification of differentially expressed genes (13). However, tumor purity–associated markers in HCC have been rarely investigated.

In clinical practice, generally obtained solid tumors constantly comprise multiple clonal populations of cancer cells and adjacent normal tissue, stroma, and infiltrating immune cells, with a high degree of heterogeneity (14). This heterogeneous structure is capable of complicating or biasing the analysis of various genomic data. ESTIMATE has been adopted for the assessment of tumor purity in existing studies using gene expression signatures to determine the proportion of stromal and immune cells in a tumor sample (15). Furthermore, the algorithm has been reported as a robust tumor purity prediction algorithm. A total of 10 tumor purity prognosis-associated genes were extracted from this study for the investigation of tumor purity (16).

However, there is no immune-associated prognostic analysis of tumor purity in liver cancer. This study aims to investigate the correlation and mechanism between tumor purity and clinical prognosis in HCC, which devotes to better clarify prognostic prediction and therapeutic strategies. The analytical method in this study draws much inspiration from existing research (17).




2 Materials and methods



2.1 Data source

The Cancer Genome Atlas (TCGA) database provided RNA-sequencing data (i.e., 50 normal samples and 374 HCC samples). A total of 342 HCC samples were obtained after excluding samples from patients with incomplete clinical and survival information (Supplementary Table S1). The GSE105130 dataset originated from the GEO database (18) (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE105130), containing transcriptomic data from paired 25 HCC patients with tumors and adjacent non-tumors. Moreover, the Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) database provided GSE36376 dataset with 240 HCC patients and 193 adjacent non-tumor samples. Data were downloaded from the publicly available database; hence, it was not applicable for additional ethical approval.




2.2 Differential expression analysis

In accordance with the RNA-sequencing data of 50 normal and 374 HCC samples in the TCGA database, differential expression analysis was carried out with the use of the R package limma. In accordance with the HCC versus normal comparison method, genes satisfying |log2fold change (FC)| > 0.5 and P< 0.05 were considered differentially expressed genes (DEGs). A volcano plot and a heat map were employed for demonstrating the distribution and expression patterns of DEGs.




2.3 Tumor purity and immune landscape

RNA-sequencing data of 374 HCC samples from the TCGA database were extracted as the basis for this step of the analysis. The immune score, stroma score, and ESTIMATE score of all TCGA-HCC samples were assessed using the ESTIMATE algorithm (R package ESTIMATE) (16). Equation 1 was adopted to estimate the respective HCC patient’s tumor purity:

 

The single-sample gene set enrichment analysis (ssGSEA) was further used to assess the abundance of 24 immune cell species in the TCGA-HCC (n = 374) cohort, and the result was visualized into a stacked plot.




2.4 Weighted Gene Co-expression Network Analysis

Weighted Gene Co-expression Network Analysis (WGCNA) refers to an analytical method for the analysis of gene expression patterns of multiple samples, allowing clustering of genes with similar expression patterns and analysis of correlations between modules and specific traits or phenotypes (19). For filtering 374 HCC samples, goodSamplesGenes function in R package WGCNA was employed for the first time, and the samples with TURE results were introduced into subsequent analyses. Tumor purity and immune infiltrating cell abundance were the specific traits of interest, and they are listed in Supplementary Table S2, with the aim of identifying tumor purity–associated genes.

Afterward, a scale-free co-expression network was built based on a soft-threshold parameter β (β was a soft-threshold parameter that could enhance strong correlations between genes and penalize weak correlations) using the adjacency matrix (20).

Subsequently, in accordance with the standard of hybrid dynamic tree cutting algorithm, the minimum number of genes in the respective gene module was set to 50, and MEDissThres was set to 0.2 to merge similar modules analyzed using the dynamic cut tree algorithm.

To identify the gene modules that are immune-associated to tumor purity in HCC, the tumor purity in HCC was defined as the trait was, and the relationship of the respective module and tumor purity was analyzed. The module with the maximum absolute value of the immune correlation coefficient with tumor purity was defined as a critical module for subsequent analysis, with p< 0.05 as the threshold with statistical significance, and genes in the vital module were considered hub genes.




2.5 Identification and enrichment analyses of tumor purity–associated genes with differential expression

Common genes between DEGs and hub genes were obtained through the overlap analysis, which were defined as tumor purity–associated DEGs. To explore whether there is an interaction between the tumor purity–associated DEGs, we used the STRING (https://string-db.org) website to construct a PPI network for them with a confidence level of 0.4. Subsequently, functional enrichment analyses were performed on tumor purity–associated DEGs by the R package clusterProfiler for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG), and p< 0.05 was regarded as notably enriched.




2.6 Survival analysis

For the assessment of whether tumor purity–associated DEGs were correlated with patient survival, we performed a K–M analysis by R-package survival. In brief, patients were divided into high- and low-expression groups based on whether the expression of the tumor purity–associated DEGs was greater than the median expression level of each tumor purity–associated DEG in the TCGA-HCC cohort. The K–M curve of each expression group of each tumor purity–associated DEGs was plotted and compared. The survival difference between high- and low-expression groups with P< 0.05 was considered as a gene notably correlated with OS in HCC patients.




2.7 Least Absolute Shrinkage and Selection Operator algorithm

Based on the 342 TCGA-HCC cases with complete survival and clinical information, gene notably correlated with OS obtained in the previous step were introduced into Least Absolute Shrinkage and Selection Operator (LASSO) algorithm with the parameters “famil” to “binomial” and “type. measure” to “class,” to select strong correlation features and obtain prognostic genes when the cross-validation error was the lowest.

To evaluate the prognostic value of the risk model, the risk score of each HCC sample was firstly calculated according to the expressions of prognostic genes and the risk coefficient obtained by LASSO with the formula: risk score. Then, the HCC samples were divided into high- and low-risk groups based on the optimal threshold of the risk score calculated by the surv cutpoint function of the R package survminer. Subsequently, a K–M survival difference analysis was employed on the high- and low-risk groups.




2.8 Establishment of a nomogram

The prognostic genes were further enrolled in developing a nomogram using rms and survival packages to predict the survival rate of patients with HCC, and riskRegression and survival packages were applied to plot calibration curve and quantified data of each risk group.




2.9 Clinical and immunological phenotypes of prognostic genes

First, clinical characteristics, covering T-phase (T1–T4), N-phase (N0 and N1), M-phase (M0 and M1), and PHASE (phase I–phase IV) were extracted from the 342 HCC samples. Then, the expression of each model gene was compared between subgroups of each clinical characteristic. To analyze the correlation between the expression of prognostic genes and the clinical characteristics of HCC, we compared the differences in the expression of three prognostic genes according to the clinical characteristics of different groups.

Moreover, based on the median expression value of the respective model gene, the HCC samples were separated into high- and low-expression groups of the respective model gene. Subsequently, CD8.T.cells, stromal scores, ESTIMATE scores, and tumor purity were compared between high and low expression groups of each model gene.

Moreover, the Pearson correlation of each model gene with the immune score, stromal score, ESTIMATE score, CD8.T.cells, and tumor purity was determined.




2.10 Single-gene gene set enrichment analysis

To investigate the relevant pathways and biological functions of the prognostic genes, the prognostic genes served as target genes, and the correlation coefficients between all genes in HCC samples and the expression levels of target genes were considered the sorting standards in terms of GSEA, which was performed by clusterProfiler with the selection standards of adjusted p< 0.05.




2.11 Validation of expression levels of prognostic genes

To further verify the expression levels of the prognostic genes, the expression of each model gene was compared between normal and HCC samples in TCGA cohort and GSE105130 dataset respectively. Furthermore, human hepatic stellate cell line LX-2, as well as three human HCC cell lines HepG2, SK-HeP-1, and Huh-1 were purchased from Procell Life Science and Technology Co., Ltd. (Wuhan, China). Total RNA from the above four cell lines (logarithmic phage) was segmented via the TRIzol Reagent based on the producer’s indications (Ambion, TX, USA). For the next processes, the inverse transcription of RNA into cDNA was done via the SweScript-First-strand-cDNA-synthesis-kit (Servicebio, Wuhan, China) and qPCR was completed through the 2× SYBR Green qPCR Master Mix depending on the manuals’ indications (Servicebio, Wuhan, China). The detailed information of primers synthesized by Beijing Tsingke Biotech Co., Ltd. (Beijing, China) is listed in Table 1. The relative expression of the respective prognostic gene was uniformized by GAPDH. The student’s t-test was carried out to compute the P-values between two groups. The P-value< 0.05 (two-tailed) was delimited as statistically significant.


Table 1 | The detailed information of primers for qPCR.






2.12 Statistical analysis

All statistical analyses were carried out using R software (version 3.5.2) and the relevant software packages. The specific statistical methods were stated in the relevant sections. Without special remarks, P< 0.05 was considered with statistical significance.





3 Results



3.1 Identification of the hepatocellular carcinoma–associated genes with differential expression

Differential expression analysis was conducted for 50 normal and 374 HCC samples in the TCGA database using the R package limma. Based on |log2 FC| > 0.5 and P< 0.05, a total of 6251 DEGs were identified, of which 848 were upregulated and 5,403 were downregulated in HCC samples in comparison with normal samples (Figure 1; Supplementary Table S3).




Figure 1 | Identification of differentially expressed genes (DEGs). (A) Volcano plot of DEG (HCC vs. normal). (B) Heatmaps of DEGs (HCC vs. normal).






3.2 Analysis of tumor purity and immune infiltrating cell co-expression network

The expression profiles of 374 HCC samples from the TCGA database were selected as the basis for WGCNA. The tumor purity and immune-infiltrating cell content of all TCGA-HCC samples obtained were available in Supplementary Figure S1, and they would serve as the phenotype of interest for this study. The similarity of TCGA-HCC samples was detected using the goodSamplesGenes function (Figure 2A). A total of nine modules were obtained by WGCNA (Figure 2B). Subsequently, we examined the correlation of tumor purity and immune-infiltrating cells with the respective module. As indicated by the results, the light-yellow module was the highest correlated with tumor purity (cor = 0.89, P = 2e- 147) and also exhibited a moderate to the strong relationship with a variety of immune infiltrating cells (e.g., T cells, macrophages, Th 1 cells, aDC, cytotoxic cells, etc.) (Figure 2C), and the 420 genes in the light-yellow module were regarded as hub genes (Figure 2D).




Figure 2 | Weighted gene co-expression network analysis. (A) Sample and trait tree diagram. (B) Clustering Module Tree diagram. (C) Heatmap of correlations between modules and clinical traits. (D) A scatter plot of the gene significance (GS) versus the Module Membership (MM) in light-yellow module.






3.3 Identification and enrichment analysis of the tumor purity–associated genes with differential expression

Overlap analysis revealed a total of 26 common genes (Supplementary Table S4) were found between DEGs and hub genes as shown in Figure 3A, and they were defined as the tumor purity–associated DEGs. Moreover, the 26 tumor purity–associated DEGs enriched 10 GO terms and nine KEGG pathways. For instance, in the BP group, they were mainly involved in neutrophil activation, degranulation, and their mediated immunity, and granulocyte migration; in the CC category, the “tertiary granule,” “ficolin- 1-rich granule,” “ficolin-1-rich granule membrane,” and “tertiary granule membrane” were notably enriched; in the MF group, the above-described genes were closely correlated with “RAGE receptor binding” (Figure 3B). According to KEGG pathway enrichment analysis (Figure 3C), the abovementioned tumor purity–associated DEGs were involved in immune/inflammatory responses (“NF-kappa B signaling pathway,” “Primary immunodeficiency,” and “Cytokine–cytokine receptor interaction”) and metabolism (“Galactose metabolism,” “Fructose and mannose metabolism,” and “starch and sucrose metabolism”)-associated pathways, “salmonella infection,” and “biosynthesis of nucleotide sugars”; moreover, surprisingly, “fatty acid elongation” pathway also appeared notably enriched. Recently, it was reported that fatty acid extension from C16 to C18 can promote hepatic lipid accumulation and inflammation thereby promoting liver disease (21–23). The above evidence suggested that the above-described tumor purity–associated DEGs may affect the immune and inflammatory responses of patients by regulating fatty acid elongation and thus play an important role in HCC progression.




Figure 3 | Identification and enrichment analysis of the differentially expressed tumor purity–associated genes (tumor purity–associated DEGs). (A) Venn diagrams of DEGs and hub genes within the light-yellow module. (B) GO enrichment analysis. (C) KEGG enrichment analysis.






3.4 Identification of tumor purity–associated prognostic genes

We performed a K–M survival analysis designed to assess the correlation of changes in expression of 26 tumor purity–associated DEGs with OS in TCGA-HCC patients (n = 342). As indicated by the results, the expression of CD300A, FPR1, HK3, PPT1, and RGS10 was inversely correlated with patient survival, and high expression of the above-described genes was notably related to short survival time; patients with high ADCK3 and DCAF8 expression had notably better OS than those in the low-expression group (Figure 4A). The expression changes of the remaining 19 genes could not notably differentiate the clinical outcomes of HCC patients (Supplementary Figure S3). Subsequently, we included the seven genes mentioned above that were notably correlated with HCC prognosis to the LASSO regression analysis. Ultimately, ADCK3, HK3, and PPT1 were identified as prognostic genes based on λ min = 0.0373 (Figure 4B). In addition, based on Equation 2:




Figure 4 | Identification of tumor purity–associated prognostic genes. (A) K–M survival analysis of 26 tumor purity–associated DEGs with OS in TCGA-HCC patients. (B) LASSO regression analysis. (C) Survival analysis of high- and low-risk groups. (D) The expression levels of three key prognostic genes in the TCGA-HCC cohort. (E) The expression levels of three key prognostic genes in GSE105130 dataset. ***p< 0.001, ****p< 0.0001.





The optimal threshold of 5.65, and the cut point of maximally selected rank statistics = 0.73, the HCC samples were divided into high- (n = 178) and low-risk (n = 187) groups. Furthermore, the survival analysis result illustrated that the OS of low-risk group was notably higher than high-risk group (p = 0.00011) (Figure 4C).

Next, the expression levels of three key prognostic genes were compared between HCC samples and controls in the TCGA-HCC cohort and GEO150130. In both datasets, HCC tissues had lower HK3 expression and higher PPT1 and ADCK3 expressions than paired adjacent non-tumor tissues (Figures 4D–E). To further validate the prognostic gene expression trends experimentally, we utilized cell lines and qRT-PCR technique. As indicated by the results, in agreement with the results of the public database tissue, PPT1 and ADCK3 expression was upregulated in three hepatocellular carcinoma cell lines (Huh-1, HepG2, and SK-HeP-1) in comparison with normal hepatocytes LX-2 (Supplementary Figure S4). However, probably due to differences in cell lines and tissues, the expression trend of HK3 in cell lines was opposite to that in tissues (Supplementary Figure S4). The expression levels of three key prognostic genes were also validated in the GSE36376 dataset and achieved a consistent result (Supplementary Figure S5A). The AUC values of the prognostic model at 1, 2, 3, 4, and 5 years reached 0.68, 0.64, 0.60, 0.60, and 0.59, respectively (Supplementary Figure S5B).

Furthermore, we analyzed the correlation of the three prognostic genes exhibiting the clinical characteristics (TNM phase and phase) of TCGA-HCC samples. As indicated by the results, only PPT1 was notably correlated with the phase (P = 0.0033) and T-phase (P = 0.0014). In the phase subgroup, the expression level of PPT1 gradually increased in patients at phase I to phase III but decreased in patients at phase IV. In the T-phase subgroup, PPT1 expression increased with increasing the tumor size and depth of infiltration (Supplementary Figure S6).




3.5 Development of a nomogram

To evaluate the role played by the prognostic model, a nomogram was developed with an optimal concordance index (C-index, 0.61353) for the prediction of the survival time of HCC patients at 1, 3, and 5 years (Figure 5A). The calibration diagram was plotted, closer to the ideal curve, suggesting the perfect stability of the nomogram (Figure 5B). The above results demonstrated that the nomogram based on three prognostic genes could supply a high value for predicting the prognosis of patients with HCC.




Figure 5 | Establishment of a nomogram. (A) Nomogram for predicting the survival rate of patients with HCC based on three prognostic genes. (B) Calibration curve plotted to evaluate consistency of predicted and actual observations.






3.6 Correlation of prognostic genes with immunophenotypes

We evaluated the immunophenotype of three prognostic genes. As indicated by the results, ADCK3, HK3, and PPT1 were notably correlated with tumor purity, immune score, stromal score, and ESTIMATE score (Figure 6). High HK3 and PPT1 expression and low ADCK3 expression resulted in high tumor purity, high immune score (Figure 6A), high immune score (Figure 6B), high stromal score (Figure 6C), and high ESTIMATE score (Figure 6D). Scatter plots of the correlations between the abovementioned prognostic genes and tumor environment scores were shown in Supplementary Figure S7.




Figure 6 | Identification of tumor purity–associated prognostic genes. (A) Differences in tumor purity between high- and low-expression groups of prognostic genes. (B) Differences in immune score between high- and low-expression groups of prognostic genes. (C) Differences in stromal score between high- and low-expression groups of prognostic genes. (D) Differences in ESTIMATE score between high- and low-expression groups of prognostic genes. ***p< 0.001, ****p< 0.0001.






3.7 Exploration of the potential molecular mechanisms for prognostic genes

To reveal the molecular mechanisms of prognostic genes, we performed a single-gene GSEA on three prognostic genes. ADCK3 was enriched for a total of 2,172 GO terms (1659 BP terms, 245 CC terms, and 268 MF terms; Supplementary Table S5, sheet1); HK3 was enriched for a total of 1,669 GO terms (1,374 BP terms, 124 CC terms, and 171 MF terms; Supplementary Table S5, sheet2); PPT1 was enriched with a total of 1,341 GO terms (964 BP terms, 183 GO terms, and 194 MF terms; Supplementary Table S5, sheet3). Figure 7A showed the top 10 terms of each prognostic gene in the GO Overall; all three prognostic genes were closely correlated with immune cell physiological processes (e.g., differentiation, activation, proliferation, adhesion, and related regulatory signals), immune-inflammatory response, cell cycle, vascular growth, and fatty acid production. The top 10 KEGG pathways of the three prognostic genes were displayed in Figure 7B, and they were notably correlated with immune-inflammatory response-associated pathways, also involved in Fatty acid degradation, Tyrosine metabolism, and Primary bile acid biosynthesis. Exhaustive KEGG enrichment results for ADCK3, HK3, and PPT1 could be reviewed in Supplementary Table S6.




Figure 7 | The top 10 terms of each prognostic gene in GSEA analysis. (A) GO analysis. (B) KEGG analysis.






3.8 Identification of differential immune cells and correlation analysis

To clarify the correlation between the prognostic model and immune infiltration, we recognized the differential immune cells between high- and low-risk subgroups. Figure 8A revealed the proportion of 14 immune cells [eosinophils, aDC, iDC, macrophages, CD56 bright natural killer (NK) cells, CD56 dim NK cells, T cells, T-helper cells, Tcm, Tem, TFH, TH1 cells, TH2 cells, and Th17 cells] was notably different between the high- and low-risk groups. In addition, most of the differential immune cells were positively correlated with PPT1 and HK3 but negatively correlated with ADCK3 (Figure 8B). Thus, differential immune cells might be linked with occurrence and development of HCC.




Figure 8 | Relevance of three prognostic genes and 14 differential immune cells. (A) The proportion of 24 immune cells in high- and low-risk groups. (B) The relevance of three prognostic genes (PPT1, HK3, and ADCK3) to 14 differential immune cells. ns, not significant; *p< 0.05, ***p< 0.001, and ****p< 0.0001.







4 Discussion

Hepatocellular carcinoma (HCC) is the most common primary liver cancer with poor prognosis. The incidence of HCC and HCC-associated deaths have increased over the past several decades (24). Consequently, there is an urgent need to find prognostic markers for HCC. Previous studies have shown that tumor purity is correlated with patient prognosis (11, 25). Tumor purity refers to the proportion of cancer cells in the tumor tissue. Several computational methods that can determine tumor purity have been introduced with the advance of genomics, which made the measurement of tumor purity more objective and accurate. In accordance with the ESTIMATE algorithm, tumor purity was estimated based on immune score and stromal score. Tumor immune score is an important factor affecting tumor progression and immunotherapy outcomes (26). In this study, ESTIMATE was used to calculate tumor purity of each HCC sample in TCGA-LIHC cohort. Through the ssGSEA algorithm, the immune activity of the respective sample can be accurately obtained.

In this study, we screened out three key prognostic genes; they are PPT1, HK3, and ADCK3. Palmitoyl-protein thioesterase 1 (PPT1) is an enzyme that cleaves thioester-linked palmitate from S-acylated proteins in lysosomes (27), Palmitoyl-protein thioesterase 1 (PPT1) was transported to lysosomes through the mannose-6-phosphate receptor-mediated pathway, and it participates in the lysosomal degradation (28). In addition, PPT1 is known to be widely and notably overexpressed in a variety of cancers, including breast, thyroid, and gastric cancers. In addition, higher expression levels of PPT1 in tumors are correlated with shorter overall survival for a variety of cancers. In our study, PPT1 expression was highly expressed in HCC tissues compared with normal tissue. Meanwhile, PPT1 expression in clinical samples is correlated with worse prognosis. Survival analyses for TCGA cancer patients also demonstrated that tumor expression of PPT1 was correlated with shorter overall survival in HCC (29). Meanwhile, PPT1 expression in clinical samples is correlated with worse prognosis. Therefore, we may infer that HCC patients exhibiting higher expression of PPT1 had a worse prognosis. In addition, PPT1 was notably enriched in pathways such as fat metabolism. There are studies that have indicated that, in variety of cancers, fat uptake, storage, and fat production are upregulated, which in turn promotes the rapid growth, invasion, and migration of tumors (30).The above-described results suggest that PPT1 gene may affect the occurrence and development of HCC through fat metabolism. Also, multiple substance synthesis pathways promotes the progression and malignant behaviors of cancers (31).

Hexokinase-3 (HK3), that is, a member of the hexokinase family, is involved in the first step of glucose metabolism, and its coding gene is located on the human chromosomal 5q35.2 segment. The inactivation of HK3 notably affects the activation of cancer cells glycolysis, and then activates the downstream signaling pathways, such as apoptosis and endoplasmic reticulum stress. In cancer cells, which plays a vital role in the progression and development of cancers (32). Also, in numerous studies, HK3 has been identified as a potential marker for regulating the tumor metabolic microenvironment and malignant progression, with predictive efficacy for tumor progression and prognosis. In addition, low expression of HK3 were usually malignant entities and were shown to be obvious genomic aberrations of driver oncogenespoor (33). In this study, from enrichment analysis of GSEA, the HK3 gene was notably enriched in cancer pathways, cellular communication factor, PI3K-Akt Pathway, and virus response. Cancer pathway takes on critical significance to cancer progression and cancer-associated genes’ expression, regulating tumor progression and prognosis (34). Furthermore, the validation of expression level in the GEO external dataset confirmed that the HK3 gene was upregulated in HCC compared with normal groups, consistent with previous studies, suggesting higher expression of HK3 in HCC patients with poor prognosis.

ADCK3 has been confirmed as a mitochondrial protein homologous to the yeast COQ8 and the bacterial UbiB proteins, required for CoQ biosynthesis. Amount of experiments strongly suggested that ADCK3 is also involved in CoQ10 biosynthesis (35). CoQ10 may play a certain role in regulating apoptosis (36, 37). CoQ10, an energy transfer molecule, occurs in high levels in the liver. As reported by some research, a possible inverse correlation exists between blood CoQ 10 levels and cancer (38). In the above research, similar to the HK3 gene, the ADCK3 gene also enriched in cancer pathways, cellular communication factor, PI3K-Akt Pathway and virus response. The PI3K-Akt Pathway is closely related to the malignant behavior of tumor cells, and it manifested its compelling influence on multiple cellular process in different cancers, which are closely related with tumorigenesis, proliferation, growth, apoptosis, invasion, metastasis, epithelial–mesenchymal transition, stem-like phenotype, immune microenvironment and drug resistance of cancer cells (39). Moreover, the PI3K/Akt pathway plays an important role in tumor formation and metastasis. Various analysis identified, PI3K/Akt mutation status can be used as a novel predictor of cancer patients (40). Our research in GEO external validation dataset also identified ADCK3 showed high-expression level in cancer tissue in comparison with normal tissue. Thus, we can speculate that better prognosis of HCC patients correlated with high ADCK3 expression.

In summary, our study identified the abovementioned TME-associated prognostic markers in HCC. PPT1 and HK3 were overexpressed in tumor and its high expression was correlated with poor prognosis, while high ADCK3 expression was correlated with better survival. However, the prognostic value of the three genes warrants further validation by more clinical data. Importantly, the HK3 and ADCK3 genes were not only highly expressed in HCC but also correlated with PI3K/Akt Pathway and cancer pathways. It holds a great potential as a candidate for targeted immunotherapy of HCC.




5 Conclusions

In conclusion, this study identified three novel predictive biomarkers (ADCK3, HK3, and PPT1) correlated with tumor purity for HCC by bioinformatics methods. In addition, the nomogram was established based on three biomarkers to predict the survival time of HCC patients at 1, 3, and 5 years. The current study might contribute to the prognostic workup of HCC and played a complementary role in determining tumor purity phenotypes.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.





Author contributions

YZ and RX contributed equally to this work. YZ and LW conducted data collection, procession and analysis. RX and YZ, XX conducted result summaries, visualizations, and validation. All the authors contributed to the manuscript’ s development.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1197898/full#supplementary-material

Supplementary Figure 1 | Distribution of immune infiltrating cells in all samples. The horizontal axis represents the respective sample, the vertical axis represents the size of the immune cell score, and different colors represent different immune cells.

Supplementary Figure 2 | Weighted gene co-expression network analysis. (A) Screening of scale-free soft thresholds. The horizontal axis of the above graphs all represent the weight parameter power value, and the vertical axis of the left figure represents the square of the correlation coefficient of log(k) and log[p(k)] in the relevant network, that is, signedR2, the vertical axis of the right graph represents the mean of the adjacency functions of all genes in the relevant gene module. (B) Clustering of module Eigen genes.

Supplementary Figure 3 | K–M survival analysis of the 19 differentially expressed tumor purity–associated genes (tumor purity–associated DEGs).

Supplementary Figure 4 | PPT1 and ADCK3 expression was upregulated in three hepatocellular carcinoma cell lines (Huh-1, HepG2, and SK-HeP-1) in comparison with normal hepatocytes LX-2.

Supplementary Figure 5 | Validation of the expression levels of prognostic genes and the prognostic model. (A) The expression levels of prognostic genes in the GSE36376 dataset. ****p< 0.0001. (B) The ROC curve of the prognostic model.

Supplementary Figure 6 | Difference analysis of three model genes in different clinical groups (TNM phase and phase) of TCGA-HCC samples.

Supplementary Figure 7 | The correlations between prognostic genes and tumor environment scores, (A) tumor purity, (B) immune score, (C) stromal score, (D) ESTIMATE score.

Supplementary Table 1 | The clinical and survival information of samples in TCGA dataset.

Supplementary Table 2 | Tumor purity and immune infiltrating cell abundance in 374 HCC samples.

Supplementary Table 3 | Differentially expressed genes (DEGs) between HCC samples and normal samples.

Supplementary Table 4 | The tumor purity–associated DEGs in HCC.

Supplementary Table 5 | The GO enrichment results of ADCK3, HK3, and PPT1.

Supplementary Table 6 | The KEGG enrichment results of ADCK3, HK3, and PPT1.




References

1. Wang, HD, Naghavi, M, Allen, C, Barber, RM, Bhutta, ZA, Carter, A, et al. Global, regional, and national life expectancy, all-cause mortality, and cause-specific mortality for 249 causes of death, 1980-2015: a systematic analysis for the global burden of disease study 2015. Lancet (2016) 388(10053):1459–544. doi: 10.1016/S0140-6736(16)31012-1

2. Villanueva, A. Hepatocellular carcinoma. New Engl J Med (2019) 380(15):1450–62. doi: 10.1056/NEJMra1713263

3. Marquardt, JU, Andersen, JB, and Thorgeirsson, SS. Functional and genetic deconstruction of the cellular origin in liver cancer. Nat Rev Cancer (2015) 15(11):653–67. doi: 10.1038/nrc4017

4. Jemal, A, Ward, EM, Johnson, CJ, Cronin, KA, Ma, J, Ryerson, B, et al. Annual report to the nation on the status of cancer, 1975-2014, featuring survival. J Natl Cancer Institute (2017) 109(9):djx030. doi: 10.1093/jnci/djx030

5. Torre, LA, Bray, F, Siegel, RL, Ferlay, J, Lortet-Tieulent, J, and Jemal, A. Global cancer statistics, 2012. CA: Cancer J Clin (2015) 65(2):87–108. doi: 10.3322/caac.21262

6. Chen, F, Zhang, K, Huang, Y, Luo, F, Hu, KP, and Cai, Q. SPC25 may promote proliferation and metastasis of hepatocellular carcinoma via p53. FEBS Open Bio (2020) 10(7):1261–75. doi: 10.1002/2211-5463.12872

7. Hao, X, Sun, G, Zhang, Y, Kong, X, Rong, D, Song, J, et al. Targeting immune cells in the tumor microenvironment of HCC: new opportunities and challenges. Front Cell Dev Biol (2021) 9:775462. doi: 10.3389/fcell.2021.775462

8. Ikeda, M, Morizane, C, Ueno, M, Okusaka, T, Ishii, H, and Furuse, J. Chemotherapy for hepatocellular carcinoma: current status and future perspectives. Japanese J Clin Oncol (2018) 48(2):103–14. doi: 10.1093/jjco/hyx180

9. Laursen, L. A preventable cancer. Nature (2014) 516(7529):S2–3. doi: 10.1038/516S2a

10. Gong, Z, Zhang, J, and Guo, W. Tumor purity as a prognosis and immunotherapy relevant feature in gastric cancer. Cancer Med (2020) 9(23):9052–63. doi: 10.1002/cam4.3505

11. Zeng, Z, Li, J, Zhang, J, Li, Y, Liu, X, Chen, J, et al. Immune and stromal scoring system associated with tumor microenvironment and prognosis: a gene-based multi-cancer analysis. J Trans Med (2021) 19(1):330. doi: 10.1186/s12967-021-03002-1

12. Cheng, YQ, Wang, SB, Liu, JH, Jin, L, Liu, Y, Li, CY, et al. Modifying the tumour microenvironment and reverting tumour cells: new strategies for treating malignant tumours. Cell proliferation (2020) 53(8):e12865. doi: 10.1111/cpr.12865

13. Aran, D, Sirota, M, and Butte, AJ. Systematic pan-cancer analysis of tumour purity. Nat Commun (2015) 6:8971. doi: 10.1038/ncomms9971

14. Wang, F, Zhang, N, Wang, J, Wu, H, and Zheng, X. Tumor purity and differential methylation in cancer epigenomics. Briefings Funct Genomics (2016) 15(6):408–19. doi: 10.1093/bfgp/elw016

15. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun (2013) 4:2612. doi: 10.1038/ncomms3612

16. Ritchie, ME, Phipson, B, Wu, D, Hu, Y, Law, CW, Shi, W, et al. Limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

17. Ming, B, Qi, P, and Chen, S. Tumor purity coexpressed genes related to immune microenvironment and clinical outcomes of lung adenocarcinoma. J Oncol (2021) 14(2021):9548648. doi: 10.1155/2021/9548648

18. Jin, Y, Lee, WY, Toh, ST, Tennakoon, C, Toh, HC, Chow, PK, et al. Comprehensive analysis of transcriptome profiles in hepatocellular carcinoma. J Trans Med (2019) 17(1):273. doi: 10.1186/s12967-019-2025-x

19. Langfelder, P, and Horvath, S. WGCNA: an R package for weighted correlation network analysis. BMC Bioinf (2008) 9:559. doi: 10.1186/1471-2105-9-559

20. Chen, L, Yuan, L, Qian, K, Qian, G, Zhu, Y, Wu, C, et al. Identification of biomarkers associated with pathological stage and prognosis of clear cell renal cell carcinoma by Co-expression network analysis. Front Physiol (2018) 9399. doi: 10.3389/fphys.2018.00399

21. Kessler, SM, Simon, Y, Gemperlein, K, Gianmoena, K, Cadenas, C, Zimmer, V, et al. Fatty acid elongation in non-alcoholic steatohepatitis and hepatocellular carcinoma. Int J Mol Sci (2014) 15(4):5762–73. doi: 10.3390/ijms15045762

22. Matsuzaka, T, Atsumi, A, Matsumori, R, Nie, T, Shinozaki, H, Suzuki-Kemuriyama, N, et al. Elovl6 promotes nonalcoholic steatohepatitis. Hepatology (2012) 56(6):2199–208. doi: 10.1002/hep.25932

23. Muir, K, Hazim, A, He, Y, Peyressatre, M, Kim, D, Song, X, et al. Proteomic and lipidomic signatures of lipid metabolism in NASH-associated hepatocellular carcinoma. Cancer Res (2013) 73(15):4722–31. doi: 10.1158/0008-5472.CAN-12-3797

24. Kim, DW, Talati, C, and Kim, R. Hepatocellular carcinoma (HCC): beyond sorafenib-chemotherapy. J gastrointestinal Oncol (2017) 8(2):256–65. doi: 10.21037/jgo.2016.09.07

25. Mao, Y, Feng, Q, Zheng, P, Yang, L, Liu, T, Xu, Y, et al. Low tumor purity is associated with poor prognosis, heavy mutation burden, and intense immune phenotype in colon cancer. Cancer Manage Res (2018) 10:3569–77. doi: 10.2147/CMAR.S171855

26. Ge, P, Wang, W, Li, L, Gao, Z, Tang, Z, Dang, X, et al. Profiles of immune cell infiltration and immune-related genes in the tumor microenvironment of colorectal cancer. Biomedicine pharmacotherapy = Biomedecine pharmacotherapie (2019) 118:109228. doi: 10.1016/j.biopha.2019.109228

27. Yun, HR, Jo, YH, Kim, J, Nguyen, NNY, Shin, Y, Kim, SS, et al. Palmitoyl protein thioesterase 1 is essential for myogenic autophagy of C2C12 skeletal myoblast. Front Physiol (2020) 11:569221. doi: 10.3389/fphys.2020.569221

28. Zeidman, R, Jackson, CS, and Magee, AI. Protein acyl thioesterases (Review). Mol Membr Biol (2009) 26(1):32–41. doi: 10.1080/09687680802629329

29. Rebecca, VW, Nicastri, MC, Fennelly, C, Chude, CI, Barber-Rotenberg, JS, Ronghe, A, et al. PPT1 promotes tumor growth and is the molecular target of chloroquine derivatives in cancer. Cancer Discovery (2019) 9, no. 2:220–9. doi: 10.1158/2159-8290.CD-18-0706

30. Cheng, H, Wang, M, Su, J, Li, Y, Long, J, Chu, J, et al. Lipid metabolism and cancer. Life (2022) 12(6):784. doi: 10.3390/life12060784

31. Miranda-Gonçalves, V, Lameirinhas, A, Henrique, R, Baltazar, F, and Jerónimo, C. The metabolic landscape of urological cancers: new therapeutic perspectives. Cancer Lett (2020) 477:76–87. doi: 10.1016/j.canlet.2020.02.034

32. Xu, W, Liu, WR, Xu, Y, Tian, X, Anwaier, A, Su, J, et al. Hexokinase 3 dysfunction promotes tumorigenesis and immune escape by upregulating monocyte/macrophage infiltration into the clear cell renal cell carcinoma microenvironment. Int J Biol Sci (2021) 17(9):2205–22. doi: 10.7150/ijbs.58295

33. Tuo, Z, Zheng, X, Zong, Y, Li, J, Zou, C, Lv, Y, et al. HK3 is correlated with immune infiltrates and predicts response to immunotherapy in non-small cell lung cancer. Clin Trans Med (2020) 10(1):319–30. doi: 10.1002/ctm2.6

34. Xue, C, Li, G, Lu, J, and Li, L. Crosstalk between circRNAs and the PI3K/AKT signaling pathway in cancer progression. Signal transduction targeted Ther (2021) 6(1):400. doi: 10.1038/s41392-021-00788-w

35. Lagier-Tourenne, C, Tazir, M, López, LC, Quinzii, CM, Assoum, M, Drouot, N, et al. ADCK3, an ancestral kinase, is mutated in a form of recessive ataxia associated with coenzyme Q10 deficiency. Am J Hum Genet (2008) 82(3):661–72. doi: 10.1016/j.ajhg.2007.12.024

36. Walter, L, Miyoshi, H, Leverve, X, Bernard, P, and Fontaine, E. Regulation of the mitochondrial permeability transition pore by ubiquinone analogs. a progress report. Free Radical Res (2002) 36(4):405–12. doi: 10.1080/10715760290021252

37. Devun, F, Walter, L, Belliere, J, Cottet-Rousselle, C, Leverve, X, Fontaine, E, et al. Ubiquinone analogs: a mitochondrial permeability transition pore-dependent pathway to selective cell death. PloS One (2010) 5(7):e11792. doi: 10.1371/journal.pone.0011792

38. Testai, L, Martelli, A, Flori, L, Cicero, AFG, and Colletti, A. Coenzyme Q(10): clinical applications beyond cardiovascular diseases. Nutrients (2021) 13(5):1697. doi: 10.3390/nu13051697

39. Jiang, N, Dai, Q, Su, X, Fu, J, Feng, X, Peng, J, et al. Role of PI3K/AKT pathway in cancer: the framework of malignant behavior. Mol Biol Rep (2020) 47(6):4587–629. doi: 10.1007/s11033-020-05435-1

40. Lin, A, Gu, T, Hu, X, Zhang, J, and Luo, P. Comprehensive analysis identifies PI3K/Akt pathway alternations as an immune-related prognostic biomarker in colon adenocarcinoma patients receiving immune checkpoint inhibitor treatment. J Immunol Res (2022) 2022:8179799. doi: 10.1155/2022/8179799




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


Copyright © 2023 Zhao, Xu, Wang, Wu, Luo and Xia. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




REVIEW

published: 05 July 2023

doi: 10.3389/fonc.2023.1186659

[image: image2]


Copper metabolism and hepatocellular carcinoma: current insights


Cheng Zhou 1†, Jinqiu Yang 1†, Tong Liu 1†, Ran Jia 1, Lin Yang 2, Pengfei Sun 3 and Wenxia Zhao 1*


1 The First College of Clinical Medicine, Henan University of Chinese Medicine, Zhengzhou, China, 2 Department of Hepatobiliary Surgery, Xianyang Central Hospital Affiliated to Shaanxi University of Chinese Medicine, Xianyang, China, 3 Department of Orthopaedics, Jiangsu Province Hospital of Chinese Medicine, Nanjing, China




Edited by: 

Hui Liu, The University of Hong Kong, Hong Kong SAR, China

Reviewed by: 

Nan Li, Jinan University, China

Monserrat Olea-Flores, University of Massachusetts Medical School, United States

*Correspondence: 

Wenxia Zhao
 Zhao-wenxia@163.com


†These authors have contributed equally to this work



Received: 15 March 2023

Accepted: 21 June 2023

Published: 05 July 2023

Citation:
Zhou C, Yang J, Liu T, Jia R, Yang L, Sun P and Zhao W (2023) Copper metabolism and hepatocellular carcinoma: current insights. Front. Oncol. 13:1186659. doi: 10.3389/fonc.2023.1186659



Copper is an essential trace element that acts as a cofactor in various enzyme active sites in the human body. It participates in numerous life activities, including lipid metabolism, energy metabolism, and neurotransmitter synthesis. The proposal of “Cuproptosis” has made copper metabolism-related pathways a research hotspot in the field of tumor therapy, which has attracted great attention. This review discusses the biological processes of copper uptake, transport, and storage in human cells. It highlights the mechanisms by which copper metabolism affects hepatocellular carcinogenesis and metastasis, including autophagy, apoptosis, vascular invasion, cuproptosis, and ferroptosis. Additionally, it summarizes the current clinical applications of copper metabolism-related drugs in antitumor therapy.
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1 Introduction

Primary liver cancer is a prevalent malignant tumor that ranks as the third most common cause of cancer-related deaths worldwide, and is particularly frequent in East Asia and Southeast Asia (1). Hepatocellular carcinoma (HCC) is the most common type of primary liver cancer, accounting for 75%-85% of cases. Finding new breakthroughs in treatment has been the key to research on HCC, as HCC has a 5-year survival of less than 15% (2). Copper is a widespread metallic element in nature. With the interdisciplinary development, the pathways of copper metabolism in human body are gradually discovered. The redox properties of copper are both beneficial and potentially toxic to cells, which are increasingly found to be involved in cell proliferation and death pathways in a rising number of studies (3). The metallic signal of copper is strongly associated with tumor progression, especially HCC, where the liver is the main organ for copper storage (4). Key enzymes and genes related to copper metabolism have become important directions in the treatment of HCC, while the exploration of copper in the diagnosis, treatment, prognosis and survival analysis of HCC has become a current research topic.

This review aims to provide an overview of the normal physiological metabolic processes of copper, a summary of the mechanisms of copper metabolism involved in the progression of HCC, and a discussion of recent research advances in the treatment of HCC through the regulation of copper homeostasis.




2 Copper metabolic process in human body



2.1 Copper absorption

Copper, which is an essential cofactor, is widely found in living organisms in nature. Diets high in copper, such as offal, shellfish, seeds, legumes, vegetables and whole grain cereals, are the main ways in which the body obtains copper, and industrial products may also be an important source of copper in the human body (5). The intestinal epithelium is responsible for the absorption of dietary copper, which is removed through the liver if the level is high in the body and secreted by the bile into the gastrointestinal tract and excreted in the feces. To keep free copper at a low level, copper ions in the body mainly attach to certain proteins or other molecules to ensure normal biochemical processes (6). Since its unstable redox potential, copper homeostasis is essential for cell survival.

Copper is absorbed in the small intestine, with the duodenum serving as its primary absorption site and having an absorption efficiency of up to 60% (7). Copper in the diet is usually present in the form of Cu2+, but only Cu+ can be absorbed and reused. This process is mainly involved by the prostate metal reductase six transmembrane epithelial antigen of the prostate (STEAP) and duodenal cytochrome b (DCYTB) (8, 9). Cu+ is taken up into the cell mediated by copper transporters 1 (CTR1) on the apical side of the enterocyte. Cells can also take minor amounts of Cu2+ up, but the underlying mechanism is not clear. The low affinity copper transporter receptor 2 (CTR2), divalent metal transporter1 (DMT1), and sodium-dependent amino-acid transporters may explain this mechanism as alternative copper uptake pathways (10).




2.2 Copper transportation

There are two membrane-bound copper-transporting adenosine triphosphatases (ATPases) exist in human cells, ATP7A and ATP7B, both of which play an important role in the digestive tract. ATP7A may promote the efflux of Cu+ from the intestinal epithelium and transport to the circulation (11, 12). ATP7B is primarily responsible for the storage of Cu+ in intracellular vesicles to maintain the copper balance required for normal homeostasis of the intestinal epithelial (13).

Ceruloplasmin (CP) is the main carrier involved in copper transport, and each CP can bind six Cu+ (14). In addition, albumin and histidine are also involved in the transport of copper. Copper is secreted by intestinal epithelial cells into the portal vein circulation and bound with these copper-carrying protein. When Cu+ is transported to the liver, they would be mediated by CTR1 into hepatocytes. In the cytoplasm, Cu+ would be isolated by glutathione (GSH) and stored in metallothioneins (MTs) (11). Both have a high affinity for copper and are rich in thiol groups, which helps to maintain a low quantity of free copper. Usually, liver is one of the main organs storing Cu+, with MT1 and MT2 being the main storage sites for Cu+. But a new study shows that MT3, which is highly expressed in the central nervous system, is one of the major players in copper homeostasis (15).

In addition, a portion of the Cu+ will bind to the copper chaperones and transported to specific organelles to participate in related physiological process. In mitochondria, Cu+ is involved in the respiratory chain and redox pathways by binding to cytochrome c oxidase (CCO). For example, the copper chaperones (COX17, COX19 and COX23) are responsible for transporting Cu+ to the mitochondria, and then which is delivered to CCO by the mitochondrial inner membrane proteins Sco1, Sco2 and COX11.

Antioxidant protein 1 (ATOX1) would transport Cu+ to the Trans-Golgi Network (TGN) and promote the synthesis of copper enzymes such as lysyl oxidase, tyrosinase and copper cyanobactin (16). Except for the liver, ATP7A are expressed in most tissues (16). However, ATP7B are only present in hepatocytes, which pump Cu+ from the cytoplasm into the TGN. When excess copper enters the hepatocyte, endolysosomal vesicles containing ATP7B would transport them to bile duct and drain the excess Cu+ into the bile (17). Therefore, mutations in ATP7A and ATP7B predispose to disorders of copper metabolism, allowing Cu+ to accumulate in cells, which leads to the onset of Menkes’ disease and Wilson disease (18).

In addition, Copper Chaperone (CCS) would also transport Cu+ to superoxide dismutase (SOD) to alleviate oxidative stress and maintain copper homeostasis (19, 20). In the nucleus, Cu+ can be combined with transcription factors and drive gene expression (21). The process of copper absorption and transport in the human body is shown in Figure 1.




Figure 1 | The process of copper absorption and transport in the human body. Cu2+ is restored to Cu+ by STEAP and DCYTB in the small intestine. Cu+ is taken up into the cell mediated by CTR1. ATP7B is primarily responsible for the storage of Cu+, and ATP7A may promote the efflux of Cu+ from the intestinal epithelium and transport to the circulation. When Cu+ is transported to the liver, they would be mediated by CTR1 into hepatocytes. Cu+ would be isolated by GSH and stored in MTs. In mitochondria, Cu+ is involved in the respiratory chain and redox pathways by binding to CCO. ATOX1 would transport Cu+ to the TGN and promote the synthesis of copper enzymes. When excess copper enters the hepatocyte, endolysosomal vesicles containing ATP7B would excrete Cu+ into the bile. In addition, CCS would also transport Cu+ to SOD to alleviate oxidative stress. In the nucleus, Cu+ can be combined with transcription factors and drive gene expression.







3 Association between copper metabolism and HCC



3.1 Strong association between high copper level and the prevalence of HCC

The role of copper in biological processes has been a hot topic of research for this century. Numerous factors regulate and maintain the body’s intake, transport, and secretion of copper in a dynamic equilibrium. Aberrant copper metabolism or copper-induced cell death can lead to a variety of diseases when copper homeostasis is disrupted in the body. Low level of Cu can impair the function of metal-binding enzymes, while too high level can lead to abnormal cellular functions (4). A number of studies have shown that tumor tissues require higher level of copper to meet the high metabolic demands compared to healthy tissues (22). Elevated copper levels have now been found to be associated with a multitude of malignancies according to research, including breast cancer (23), colorectal cancer (24), lung cancer (25), and gallbladder cancer (26). Copper ions were absorbed through the intestine, arriving in the liver from the portal vein with serum proteins as carriers, and enter the hepatocytes via CTR1, where large amount of copper was stored in the hepatocytes in combination with MT1 and MT2 (27). The liver is the center of Cu storage and transport as a core player in the regulation of systemic Cu homeostasis. The liver cells will be the first to be impacted when there is an abnormality in the copper metabolism. Therefore, Cu is closely associated with the development of liver disease. Wilson disease, as we know it, has a defect in copper processing resulting in high copper level and toxic effects on liver cells (28). Mitochondrial damage induced by copper overload results in other liver lesions in more than half of Wilson disease patients (29). Cirrhosis, the end-stage of many liver diseases, is an essential risk factor for HCC, which also exhibits abnormal accumulation of copper and abnormal distribution of other trace metal elements (30). Both European and Asian cohort studies have shown that elevated copper levels in humans are associated with a high risk of morbidity and a poor prognosis of HCC (31, 32). Cuproptosis-related genes have potential for constructing a prognostic model for HCC (33).




3.2 Disorders of copper metabolism play a major role in the development of hepatocellular carcinoma



3.2.1 Autophagy

Autophagy is a highly regulated cellular mechanism that aimed at bioenergetic recovery through intracellular destruction and breakdown of dysfunctional cytoplasmic components and recycling of energy (34). Autophagy is a double-edged sword. On the one hand, autophagy can suppress tumors by reducing reactive oxygen species (ROS) and removing damaged organelles and toxic substances from cells. On the other hand, autophagy inhibits tumor cell apoptosis and provides metabolic support to accelerate the growth of HCC cells. High level of Cu+ generates large amounts of ROS during oxidation, which is important for the onset of autophagy (35). Unc-51-like kinase 1 (ULK1/2) is an important initiator of autophagy and is involved in the formation of autophagic vesicles as well as the regulation of the autophagic process. Tsang et al. (36) found that ULK1/2 had a strong affinity for copper. Copper-dependent ULK1/2 activation stimulated autophagic flux, and low intracellular copper (CTR1 depletion, ATP7A overexpression, or copper chelator use) resulted in a decrease of autophagy. In addition, excess copper can also increase autophagic flux by activating the expression of autophagy-related gene 5 (ATG5) (37), Beclin-1 (BECN1) (37)and AMPK-mTOR (38) pathways, as well as accelerate autophagic vesicle formation by mediating TFEB (39) transcription factors. The autophagic targets and pathways associated with copper metabolism in HCC are shown in Figure 2A. It is notable that the accumulation of copper and the activation of autophagy in Wilson disease as well as in HCC occur simultaneously (40–42).




Figure 2 | Targets and pathways of autophagy, apoptosis and vascular invasion associated with copper metabolism in HCC. (A) Copper impacts the autophagic pathway of HCC by affecting the formation of phagophore, autophagosome, and lysosome. (B) Copper directly affects the apoptotic pathway of HCC by generating ROS, forming apoptosome, and activating the apoptotic cascade response, and indirectly affects the apoptotic pathway of HCC by regulating ERK1/2 and PD-L1. (C) Copper affects vascular invasion by affecting endothelial cells as well as HCC metastasis.






3.2.2 Apoptosis

Apoptosis is a programmed death process that is essential in normal development, tissue repair and immune modulation in the human body (43). The Fenton reaction is one of the most common reactions for copper-catalyzed ROS production, whereby high concentrations of copper-induced ROS lead to mitochondrial dysfunction with accelerated apoptosis (44). Moreover, the oxidation of hydroxyl radicals generated by the Fenton reaction can break down the DNA helix structure, resulting in damage to DNA (45). Mitra et al. (46) found that copper-treated spleen and thymus produced different apoptotic pathways. Recent studies (47) have revealed that mitogen-activated protein kinase kinase 1 (MEK1) in the MAPK-ERK pathway also has a high-affinity copper binding site. High concentrations of Cu+ stimulate MEK1-dependent phosphorylation of ERK1/2, and the use of copper chelators can target MEK and inhibit tumor proliferation (48). Excessive copper production in the liver induces ROS and mitochondrial transmembrane potential changes that activate the intrinsic pathway of p53 cell apoptosis (49). With the activation of P53, cytochrome C (Cyt C) induces caspase9 to initiate the cascade activation of downstream caspase3, which triggers apoptosis (50, 51). Cyt C, Apoptotic protease-activating factor 1 (Apaf-1) and caspase 9 could also combine to form an “apoptosome”, an apoptotic pathway that induces hepatocyte death (50, 52). The proteasome is a multi-enzyme complex consisting of a 20S core and two 19S regulatory particles (53). It has been shown that proteasome can induce Cyt C into cytoplasm and activate caspase cascade reaction to induce apoptosis, while copper complexes show strong inhibitory ability against proteasome, which may become a new target for tumor therapy (54, 55). It is worth noting that Cu activates the IL6/Jack/STAT3 signaling pathway after catalytic EGFR phosphorylation and is involved in the induction of IFNγ-mediated upregulation of PD-L1 expression (56). An overload of Cu leads to immunosuppression, which not only leads to the development of HCC, but is an important issue in the treatment of HCC. The apoptotic targets and pathways associated with copper metabolism in HCC are shown in Figure 2B.




3.2.3 Vascular invasion

Vascular invasion is an important mode of tumor progression as well as metastasis. Notably, copper is a key point in the angiogenic signaling cascade, and copper overload stimulates tumor neovascular growth and invasion, while copper deficiency hinders neointimal formation (57). It was found that copper could activate the EGFR/ERK/c-fos transduction pathway to induce vascular endothelial growth factor (VEGF) expression in hepatoma cells to promote tumor angiogenesis (58). In a further way, copper can also promote the synthesis of FGF-1 through ATOX1 and superoxide dismutase 1 (SOD1) to affect vascular endothelial function, while increasing the invasive and metastatic capacity of tumor cells by activating lysyl oxidase (LOX) (59–61). Copper can even induce the expression of HIF-1α to promote rapid adaptation of tumor cells to hypoxic conditions when the microenvironment is not suitable for tumor growth (62). Copper has a significant facilitating impact in HCC metastasis and angiogenesis, and copper chelators can be used as targeted agents to limit HCC vascular invasion (63). The targets and pathways of vascular invasion associated with copper metabolism in HCC are shown in Figure 2C.




3.2.4 Cuproptosis

As early as the 1980s, Halliwell et al. discovered that copper could lead to cell death (64). The mechanism and specific form of copper-induced cell death has long been obscure. In the past, copper ion carriers including disulfiram (DSF) and elesclomol (ES) were considered to have the ability to cause cell death. ES-Cu can bind to ferredoxin 1 (FDX1) and lead to inhibition of Fe-S clusters or act directly on mitochondrial membranes (65), which leads to polarization of the mitochondrial membrane potential and cell death via a ROS-mediated mechanism (66). Similarly, DSF/Cu was also considered to act on the mitochondrial respiratory chain, leading to elevated ROS levels (67). It has only recently been elucidated that cell death induced by copper ion carriers is a copper-induced cell death, independent of the known patterns of cell death. Cuproptosis is a regulated mode of cell death that is distinct from apoptosis and ferroptosis (68). The accumulation of intracellular copper ions acts on the lipid acylation of proteins in the tricarboxylic acid cycle (TCA), triggering proteotoxic stress and inducing cell death (69). Ferredoxin 1 (FDX1), an upstream regulator of protein lipid acylation, has been found to be a key regulator of cuproptosis with significant association with HCC staging and prognosis (70). In contrast to the general population, HCC patients have a much lower level of FDX1 expression, while the low expression of FDX1 suggests a poor prognosis, tumor cells acquire a survival advantage over healthy cells by resisting cuproptosis. In addition, it was found (71) that the cuproptosis-related gene LIPT1 may promote the proliferation and metastasis of HCC, which is a new potential therapeutic target for HCC. It is worth noting that cuproptosis may be an elemental factor in the development of HCC, but experimental studies on cuproptosis are still in their infancy, and most studies have only demonstrated the association of cuproptosis with the prognosis of HCC based on bioinformatic analysis of public databases such as TCGA, ICGC and GEO, so more studies are needed to support this point of view (72–76). The functions of cuproptosis characteristic genes in HCC are shown in Table 1.


Table 1 | Functions of validated cuproptosis genes in HCC.






3.2.5 Ferroptosis

Ferroptosis is a recently identified form of cell death characterized by iron accumulation and lipid peroxidation that has emerged as an effective therapeutic target for tumor suppression. We are well known for the fact that sorafenib can inhibit the progression of HCC by inducing ferroptosis (77). However, copper and iron which are common trace elements in human body, the association between copper metabolism and ferroptosis has been rarely reported. GPX4 is a key gene associated with ferroptosis. Exogenous copper promotes GPX4 ubiquitination by directly binding to GPX4 protein cysteines C107 and C148, accelerating GPX4 aggregate formation, and Tax1-binding protein 1 (TAX1BP1) is involved in the transformation breakdown of GPX4, leading to lipid peroxide accumulation and inducing ferroptosis (78). The plasma ceruloplasmin-ferroportin transport system is an active mode of intracellular iron transport in hepatocytes. Shang et al. (79) discovered that high copper level disrupted Cu-Fe homeostasis and that overexpression of CP inhibited ferroptosis induced by erastin and RSL3 in HCC cells. Despite the fact that ionizing radiation can slow tumor cell development by increasing ferroptosis, which is beneficial for patients with advanced HCC that cannot be surgically removed, the efficacy of radiation is hampered by radioresistance (80, 81). Notably, copper metabolism MURR1 domain 10 (COMMD10) is a critical protein in the regulation of radioresistance in HCC, which causes copper aggregation, thereby upregulating the expression of CP and SLC7A11 target genes, reducing lipid peroxidation levels, and inhibiting ferroptosis in HCC (82). Excessive accumulation of free intracellular copper causes cell death, and a similar result occurs when the intracellular copper content is depleted. Copper depletion-mediated metabolic reprogramming leads to mitochondrial perturbations and significant changes in lipids and lipid-like molecules (including increased levels of arachidonic and epinephrine acids), with high levels of ROS and lipid peroxidation strongly inducing ferroptosis (83). Interestingly, DSF/Cu which is combined with copper is an FDA approved clinical anti-alcoholic drug, and Ren et al. found that DSF/Cu can activate ferroptosis and synergize with sorafenib in the fight against HCC (84). There is a direct link between ferroptosis and copper, with copper acting as a crucial factor in the regulation of ferroptosis (Figure 3).




Figure 3 | Association of copper metabolism with ferroptosis in HCC. Cu+ regulates the level of ferroptosis in HCC by activating GPX4 or promoting its ubiquitination. CP inhibits ferroptosis by directly inhibiting the iron death inducers Erastin and RSL3.








4 Anti-tumor therapy to regulate copper homeostasis

With the in-depth study of copper metabolism, the effects of copper on human health are becoming clear. How to safely, effectively and rationally use drugs to regulate copper homeostasis to treat diseases has attracted people’s attention. Previous treatments for inherited copper dysregulation diseases (such as Wilson disease, Menkes disease) provide reference for this. In terms of tumors, there are two main ways to regulate copper homeostasis: one is to chelate copper in tumor cells through copper chelates to inhibit copper proliferation; the other is using copper ionophores to increase the copper in tumor tissue to promote cuproptosis.



4.1 Copper chelators

Copper chelators are commonly used to treat Wilson disease patients to lower their elevated copper in the blood. In the subsequent research, it was observed that anti-angiogenic agents can limit tumor growth and that copper restriction can reduce the levels of angiogenic factors to inhibit the angiogenesis of blood vessels (85, 86). Copper chelating agents have aroused people’s interest in the field of cancer. Researches have shown that copper can affect tumor angiogenesis by affecting HIF-1 (87); participat in tumor proliferation through the transcription factor ATOX1 (21), CCO (88) and MEK1 (89); regulate the Mediator of Cell Mobility protein (MEMO) (90), the Secreted Protein Acidic and Rich in Cysteine (SPARC) (91, 92), the copper binding enzymes LOX (93), to influence tumor spreading. Additionally, it has been documented that copper chelation can also promote ubiquitin mediated degradation of the immune checkpoint PD-L1, such that tumor cells cannot protect themselves from antitumor immune responses by overexpressing PD-L1 (56).Therefore, copper chelators may act on tumors through these pathways. At present, the inhibitory effect of copper chelators on tumor angiogenesis has received much attention. A crucial aspect of HCC is its abundant arterial blood supply. It is ideal for treatment with copper chelators due to this property. We believe that copper chelators have a bright future in the treatment of HCC.

Common copper chelators include tetrathiomolybdate (TM) and trientine. TM is a selective copper chelator which could deplete copper in tumor cells and reduce its bioavailability. TM can inhibit angiogenesis and reduce blood supply to tumor tissues by supressing transcription factors (NF-kB) and reduce tumor proliferative activity by inhibiting mitochondrial CCO function to reduce ATP production (88, 94). In addition, Davis et al. (95) suggested that TM could reduce the expression of glucose transporter 1 (GLUT1) and other glycolytic genes induced by hypoxia in HCC cells to decrease glucose utilization and limit energy acquisition. This shows that TM can limit the production of ATP in tumor cells through mitochondrial tricarboxylic acid cycle and glycolysis. The mechanism of TM for the treatment of HCC is shown in Figure 4. The safety of TM has also been recognized. In a phase II clinical trial, TM was well tolerated (96). Trientine is commonly used in patients who are intolerant to other copper chelators due to severe side effects such as myelosuppression and autoimmune diseases. KADOWAKI et al. (97) suggested that trientine induces tumor apoptosis by activating P38 mitogen-activated protein kinase, which is involved in multiple pathways to inhibit the growth of HCC and other tumors (98–101). A study using trientine in a mouse model of HCC xenotransplantation showed that trientine could limit tumor growth by inhibiting the growth of HCC endothelial cells and blood vessels, and promote the induction of tumor apoptosis (102). It is safer compared to copper chelator D-pen with lower incidence of serious side effects (103). Therefore, we believe that trientine has potential for clinical use in the treatment of HCC.




Figure 4 | The mechanism of TM for the treatment of HCC. TM can inhibit angiogenesis and reduce vascular invasion of HCC by inhibiting transcription factors (NF-kB). In addition, it can also reduce the vascular invasion of HCC by inhibiting the tricarboxylic acid cycle and reducing the energy supply of tumor tissue by glycolysis.






4.2 Copper ionophores

In contrast to copper chelators which deplete copper bioavailability in tumor tissue to inhibit cuproplasia with the aim of achieving antitumor effects, copper ionophores increase the intracellular concentration of copper ions in tumor cells. Excessive intracellular copper ion concentration has cytotoxicity as it can lead to the production of a large amount of ROS (104). Additionally, copper ions directly attach to the lipoylated parts of the tricarboxylic acid (TCA) cycle, causing lipoylated protein to aggregate and Fe-S cluster protein to disappear (69). This causes protein toxicity stress, which kills or restricts tumor growth.

Currently, common copper ionophores are elesclomol(ES) and disulfiram(DSF). ES is an injectable, small molecule drug that binds to copper ions in the blood. Tumor cells can effectively absorb this complex. When Cu2+ of this complex enters the mitochondria of cells, it is reduced to Cu+ by mitochondrial protein FDX1. Cu+ will react with molecular oxygen to produce superoxide, which will be disproportionated to generate H2O2. H2O2 can further react with Cu+ to produce more destructive and highly reactive hydroxyl radicals, destroying mitochondria, and restricting the division and proliferation of tumor cells (105). Moreover, ES can also downregulate GSH (106), which is an important component of the intracellular antioxidant system and contributes to the clearance of intracellular ROS (107). Without a doubt, its decrease leads to the rise in intracellular ROS. Additionally, Tsvetkov et al. (65, 69) argued that ES has anti-tumor properties that go beyond merely its capacity to generate ROS in tumor cells. ES was discovered to be able to bind to FDX1, which results in the the aggregation of lipoylated mitochondrial enzymes and a loss of Fe–S proteins, leading to cuprotosis. Since this process requires the involvement of oxygen molecules, this drug is mainly suitable for cancers that are energized by oxidative phosphorylation of mitochondria. Under hypoxic conditions, the energy metabolism of tumors is mainly generated through glycolysis in the cytoplasm rather than the mitochondria, which is often accompanied by increased levels of the lactate dehydrogenase (LDH). At this time, the activity of ES is low. HCC cells have been reported to have a characteristic of significantly increased mitochondrial metabolism (108). This provides a theoretical basis for the use of ES in the treatment of HCC. Another study on carboplatin-resistant HCC cells also showed this feature (109). In terms of safety, ES has few reported side effects in humans and is well tolerated by patients. It was found that while ES was present at concentrations that significantly inhibited tumor cells, it did not enrich for copper ions in human peripheral blood mononuclear cells (105). This also suggests that the risk of side effects from taking this drug is low. The mechanism of elesclomol for the treatment of HCC is shown in Figure 5.




Figure 5 | The mechanism of ES for the treatment of HCC. In mitochondria, the complex of ES and Cu2+ binds to FDX1, while Cu2+is reduced to Cu+ by FDX1. Cu+ combines with O2 to generate ROS. FDX1 also promotes the lipoylation of DLAT. The reduced Cu+ binds to lipoylated DLAT to promote its oligomerization, ultimately causing the occurrence of cuproptosis. Additionally, Cu+ prevents FDX1 from stimulating the synthesis of Fe-S.



DSF was used to treat alcohol dependence by inhibiting acetaldehyde dehydrogenase (ALDH). In the 1970s, researchers began seeking clinical evidence of the anti-cancer effects of DSF (110). DSF has anticancer action that is reliant on metal ions and promotes apoptosis while decreasing angiogenesis. In acidic conditions, DSF would be reduced to diethyl dithiocarbamate (DDTC), which may then be coupled with Cu2+ to create DDTC-Cu2+ complexes. There are a number of possible mechanisms of action for DSF and DDTC-Cu2+, including the generation of ROS (111), obstruction of the ubiquitin pathway (112), activation of the MAPK pathway (113), and irreversible inhibition of ALDH (114). In addition, a study by Li et al. (115) demonstrated that DSF in combination with copper could effectively inhibit the metastasis of HCC, suggesting that DSF in combination with copper could restrain the process of epithelial-mesenchymal transition (EMT) and the metastasis of HCC by limiting NF-kB and TGF-Β signaling. Concerning security, DSF has been approved by FDA for application, and its safety is generally acceptable. Current trial phase and validated targets information on copper chelators and copper ionophore for HCC are shown in Table 2.


Table 2 | Current trial phase and validated targets information on copper chelators and copper ionophore for HCC.






4.3 Copper related imaging

The demand of tumor cells for copper ions and the transport of copper ions by CTR1 on the surface cause high copper concentration in tumor tissues. This makes copper complexes have the potential to act as tracers. The radioisotope 64Cu has been used for in vivo tumor imaging and therapy. 64Cu has a half-life of 12.7 hours and is suitable for imaging small molecules as well as large molecules such as antibodies and peptides. Its relatively short half-life does not add a radiation burden to patients after imaging studies, which is a advantage that can be applied to positron emission tomography (PET) imaging. Currently, 64CuCl2 has performed well in PET imaging of HCC in animal models (130).

In addition, copper-based nanoparticles have been applied in both photodynamic therapy PDT and photothermal therapy PTT. Huang et al. (131) used copper-cysteamine nanoparticles as photosensitizers for HCC and achieved good therapeutic results. It is notable that the homeostasis of copper ions in the human body is essential, and either its deficiency or its excess can cause human diseases. The long-term use of copper binding compounds, including copper chelators and copper ionophores, may disturb the homeostasis of essential metals, thus resulting in severe side effects. Although copper conjugates exhibit certain selectivity toward tumor cells, their therapeutic window still needs to be enlarged for safer applications. There is a need to develop more rational strategies and new therapeutic modalities to increase targeting to tumor cells, improve efficacy against tumors, as well as mitigate side effects.





5 Conclusion

With the development of cross-cutting disciplines, the pathways of copper metabolism involved in human activities have been elucidated. Copper is absorbed in the small intestine and stored by vital organs such as the liver. Copper is essential for the regulation of the physiological functions of the liver. Excess copper would be excreted via the biliary tract when copper levels in the body are high. However, the state of cuproplasia is commonly seen in the microenvironment of HCC. Copper overload accelerates the progression of HCC through immunosuppression, vascular invasion, cuproptosis and ferroptosis. Current therapies on copper metabolism in HCC include copper chelators, copper ionophores, etc., all of which have a good safety profile. Currently, copper metabolism research is in a preliminary stage and this therapy is not explicitly recommended in the guidelines despite clear therapeutic effects, so further clinical studies are still urgently needed.
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Intrahepatic mucinous cholangiocarcinoma (IMCC) is a rare subtype of intrahepatic cholangiocarcinoma (IHCC). Limited data describe the genetic characteristics of IMCC and insights on its pathogenesis are lacking. Here, we employed a multi-omics approach to analyze somatic mutations, transcriptome, proteome and metabolome of tumor tissue obtained from a case of IMCC in order to clarify the pathogenesis of IMCC. A total of 54 somatic mutations were detected, including a G12D mutation in KRAS that is likely to be involved in the onset of IMCC. The genes consistently up-regulated at the transcription level and in the proteome were enriched for mucin and mucopolysaccharide biosynthesis, for cell cycle functions and for inflammatory signaling pathways. The consistently down-regulated genes were enriched in bile synthesis and fatty acid metabolism pathways. Further multi-omics analysis found that mucin synthesis by MUC4 and MUC16 was elevated by up-regulated expression of mesothelin (MSLN). Moreover, transcription factor ONECUT3 was identified that possibly activates the transcription of mucin and mucopolysaccharide biosynthesis in IMCC.
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Introduction

Intrahepatic mucinous cholangiocarcinoma (IMCC) is characterized by the secretion of large amounts of extracellular mucus. It is an extremely rare subtype of cholangiocarcinoma, accounting for about 10% of intrahepatic chlolangiocarcinoma (IHCC) cases (1). The incidence of IMCC is highest in Southeast Asia (71.3 cases per 100000 person‐years), particularly in Thailand (more than 80 cases per 100000 person‐years) (2). The previously published literature revealed that this subtype is notorious for rapid growth, widespread metastasis, and poor prognosis than the conventional iCCA (3). Currently, the diagnosis of IMCC mainly relies on imaging methods, and immunochemistry (4). However, there are currently no tumor markers for early diagnosis of IMCC. We hope to identify possible mechanisms and early biomarkers of IMCC at the genetic level through this case. To provide theoretical basis for revealing the pathogenesis of IMCC.

Multi-omics studies include the characterization of genome mutations, copy number variation, transcriptomics, proteomics and metabolomics, which in combination can reveal comprehensive and accurate molecular mechanisms of a given cancer type (5, 6). When this was applied to IHCC, most of the mutant genes identified were tumor suppressor genes or oncogenes, such as TP53, KRAS, BAP1 (7). However, a multi-omics analysis for IMCC has not yet been reported. Therefore, we employed multi-omics analysis to a single case of IMCC in an attempt to discover molecular markers that can be used for early diagnosis.





Materials and methods

Please see the Supplementary section.





Case presentation




Case description

A 62-year-old female patient presented to the hospital complaining of epigastric pain. Enhanced CT scans confirmed the presence of liver space and the diagnose of primary liver cancer (Supplementary Figure 1A). After surgery, the extracted tissue was results of H&E staining showed that the nuclei of tumorous tissue were of different sizes and the cells were irregularly arranged (Supplementary Figures 1B, C). The results of immunohistochemistry showed that the markers CAE, CK19, and CK5/6 were all positive (Supplementary Figures 1D–I). The periodic acid-Schiff staining (PAS) indicated presence of multiple mucinous polysaccharides in the tissue (Supplementary Figures 1J, K). Based on these pathological results, the patient was diagnosed with IMCC.





Genome variation detected in the IMCC tissue

The somatic mutations demonstrated by whole exome sequencing (WES), showed that the IMCC had 54 somatic mutations. After comparison we found that 2 of the 54 genes were oncogenes and 2 were tumor suppressor genes (Supplementary Figure 2A). However, the expression levels of RNA and protein were not consistent (Supplementary Figures 2B, C). This indicated that the change in the expression of somatic mutant genes was not a likely cause of IMCC. We next compared the obtained mutant genes in the IMCC case with those reported for IHCC and squamous cell intrahepatic cholangiocarcinoma (SCC-IHCC). This identified 37 mutant genes that were specific for IMCC (Supplementary Table 1). IMCC and the other two subtypes shared 17 mutant genes, of which 16 were shared with IHCC, while 1 was shared with SCC-IHCC (Supplementary Figures 2D, E). We found 54 somatic mutation genes in IMCC sample, two of which are oncogene and two of which are tumor suppressor genes. The two oncogenes are KRAS and IRS1. It is worth noting that the mutation of the oncogene KRAS exists in both IMCC and IHCC. Sequenced the KRAS gene identified the mutation locus in G12D (rs121913529) of IMCC (Supplementary Figure 2F). The mutation of KRAS at G12D locus is the 12th amino acid mutation (glycine to aspartate), which is a widely reported oncogenic driving gene (8, 9).





Transcriptome characteristics of IMCC

Up-regulated genes were found to be significantly enriched in mucin and mucopolysaccharide synthesis, cell cycle and inflammation-related pathways (Figure 1A). Increased gene expression in mucin and mucopolysaccharide biosynthesis, cell cycle, and inflammatory pathways may increase the synthesis of mucus and mucopolysaccharides in IMCC tissue, accelerate cell cycle, and increase inflammation levels. Ultimately, it led to the appearance of high mucus content in IMCC. Previous studies have also demonstrated elevated expression of mucin related genes, cell cycle, and inflammation related genes in IMCC (10, 11). The down-regulated genes were mainly enriched in pathways of bile synthesis and secretion and fat digestion (Figure 1B). The downregulation of gene expression in bile synthesis and fatty acid metabolism pathways suggests a decrease in bile synthesis ability in IMCC tissue, which in turn leads to a decrease in fatty acid metabolism ability. This may be one of the mechanisms by which IMCC occurs. Previous studies also support our speculation (12, 13). A Gene Set Enrichment Analysis (GSEA) was also performed, which showed that oxygen-linked mucin glycosylation was activated in IMCC (Figure 1C). We compared the expression of these genes in different subtypes of cholangiocarcinomas. Except for MUC1, MUC6 (partially positive in IHCC) and MUCL1 (positive in SCC-IHCC), MUC5B, MUC4, MUC16, and MUC5AC were all specifically highly expressed in IMCC (Figure 1D). Among the genes related to mucopolysaccharide biosynthesis, GALNT5, B3GNT6, and ST6GALNAC1 were expressed in SCC-IHCC, but they were specifically highly expressed in IMCC (Figure 1E). These results showed that the mucinous phenotype of IMCC is related to a high expression of mucin and mucopolysaccharide-related genes.




Figure 1 | The expression of genes involved in mucin and mucopolysaccharide biosynthesis is up-regulating in IMCC. KEGG analysis identified the main enriched signaling pathways of up-regulated genes (A) and of down-regulated genes (B) in IMCC. Gene enrichment analysis shows the activation of O-linked glycosylated mucins (C). Heatmaps of expression levels in IMCC, IHCC and SSC-IHCC of mucin (D) and of mucopolysaccharide synthesis-related genes (E).







Proteomics and metabolomics characteristics of IMCC

We identified up-regulated and down-regulated proteins through proteome sequencing, in order to identify significantly enriched signaling pathways. We found that the up-regulated proteins were mainly enriched in extracellular matrix receptor interactions, cell cycle and inflammation-related signaling pathways (Figure 2A). The down-regulated proteins were mainly enriched in the synthesis and secretion of bile, retinol metabolism, and amino acid metabolism-related signaling pathways (Figure 2B). A total of 162 genes were identified as up-regulated and 217 genes were down-regulated both in RNA and protein levels (Figure 2C). The expression of RNA and protein was visualized by scatter plots, which produced a good linear relation. The highly expressed genes were mainly enriched in mucin synthesis, mucopolysaccharide and the IL-17 signaling pathway (Figure 2D). The genes both up-regulated in RNA and protein were enriched in pathways such as extracellular matrix receptor interaction, IL-17 signaling and mucin secretion, while down-regulated genes were mainly enriched in bile synthesis and secretion, retinol metabolism and amino acid metabolism (Figure 2E). We further explored the changes of metabolites in IMCC, showing that the number of metabolites in IMCC was decreased (Figure 2F). The metabolites reduced in IMCC were mainly fat or fat-like substances, organic acids and their derivatives. This indicated that fatty acid metabolism in IMCC patients is hindered (Figure 2G). The up-regulated metabolites in IMCC were enriched in fat cell lipid catabolism pathways (Figure 2H). These results suggest that DNA synthesis and sugar metabolism are enhanced in IMCC, while the metabolism of linoleic acid, amino acids is weakened.




Figure 2 | Up-regulated proteins of IMCC are mainly enriched in inflammation and cell cycle signaling pathways, while down-regulated proteins are mainly enriched in the regulation of bile acid synthesis. Dotplots show consistent KEGG enrichment in transcriptome and proteome of upregulated (A) and of downregulated (B) genes in IMCC. Venn diagram of RNA and protein of the up- and down-regulated genes (C). Scatter plot of gene and protein expression to illustrate their consistency in IMCC (D). Bar graph showing the enrichment of signaling pathways of genes or proteins that are jointly up-regulated or down-regulated in IMCC (E). The different metabolites identified in IMCC cancer tissue and adjacent tissue (F). The bubble charts show the enriched pathways of differential metabolites in IMCC (G, H).







Multi-omics comprehensive analysis of IMCC

By comprehensively analyzing the multi-omics, we found that there are 196 genes with the same changing trend in IMCC (Figure 3A). We supposed that mucus secretion is related to necrosis, so we analyzed the expression of cell death-related genes in different cholangiocarcinoma subtypes. This did not identify specific expression of necrosis-related genes in IMCC (Figure 3B). Further screening of molecules that might regulate the expression of mucin-producing genes (MUC4, MUC5AC, MUC5B, MUC16) and genes producing mucopolysaccharides (GALNT5, ST6GALNAC1, B3GNT6) revealed that ASGR1 may regulate the expression of MUC4, while MSLN may regulate the expression of MUC4 and MUC16 (Figure 3C). There is currently no relevant report on the interaction between MUC4 and MSLN, but the interaction between MUC16 and MSLN plays an important role in the development of ovarian cancer (14). The binding of MSLN and MUC16 has been shown to induce intercellular adhesion (15). Therefore, we speculate that MUC16 may bind to MSLN to regulate mucins synthesis.




Figure 3 | Multi-omics comprehensive analysis of IMCC showing molecules that changed together in genes, RNA and protein levels (A). The heatmap shows the expression of cell death-related genes in IMCC, IHCC and SCC-IHCC (B). String analysis of the interactions between multi-omics convergent genes and mucin and mucopolysaccharide biosynthesis genes (C). Expression comparison in IMCC, IHCC and SCC-IHCC of MSLN (D) and of ASGR1 (E). The heatmap (F) shows the transcription factors in IMCC that may regulate the expression of mucin and mucopolysaccharide. JASPAR predicts the genes that ONECUT3 may target (G).



We further analyzed the expression of ASGR1 and MSLN in IMCC, SSC-IHCC and IHCC. This showed that MSLN was specifically highly expressed in IMCC, while ASGR1 was not (Figures 3D, E). It is speculated that IMCC may increase mucus secretion by up-regulating MSLN. Transcription factors that control the expression of key genes were also screened. A total of 7 transcription factors were identified in 196 annotated genes and their expression was further analyzed in 3 subtypes of cholangiocarcinoma. The results showed that the expression of ONECUT3 was specifically elevated in IMCC (Figure 3F). Using the JASPAR database (http://jaspar.genereg.net/) to predict the target genes of ONECUT3, it was found that the motif of ONECUT3 may target for MUC16, MUC5AC, GALNT5 and B3GNT6 (Figure 3G). This suggested that IMCC might increase the synthesis of mucin and mucopolysaccharide by up-regulating ONECUT3.






Discussion

Previous studies have identified the important role of KRAS in the pathogenesis of IHCC (16, 17). Here we report presence of the G12D mutation of KRAS in an IMCC patient. Our transcriptome analysis revealed that the genes upregulated in IMCC are mainly involved in biosynthesis of mucin and mucopolysaccharide. Study showed that IMCC was positive for MUC-1/MUC-5/MUC-6 and CK7/CK8/CK19 (18, 19). Our transcriptome data are highly consistent with the pathological characteristics of IMCC.

From the data of proteome and metabolome from IMCC, we found vigorous cell proliferation with local inflammation and secretion of large amounts of extracellular matrix in IMCC. Ordonez et al. (2003) proved that one-third of cholangiocarcinomas are MSLN positive. Our results show that MSLN is highly expressed in IMCC. In cancer progression, MSLN is known to bind to the cancer antigen MUC16. Therefore, we speculate that MSLN promotes the occurrence of IMCC by up-regulating the secretion of mucin genes such as MUC16.

Through a multi-omics comprehensive analysis, we found that ONECUT3 is highly expressed in IMCC. In mammals, 3 onecut genes have been described: Onecut1 (Hnf6), Onecut2, and Onecut3 (20); Two of the onecut proteins, Hnf6 and Onecut2 (Oc2), play an essential role in the development of the mammalian intrahepatic biliary system (21). Onecut3 (oc3) is essential for zebrafish intrahepatic biliary development, and that oc3 functions when biliary epithelial cells are first specified, thus suggesting that zebrafish oc3 may be the functional ortholog of mammalian Hnf6 (22). Based on our findings, we speculate that ONECUT3 induces the pathogenesis of IMCC by activating the expression of mucins and mucopolysaccharides. If this can be confirmed, MSLN and ONECUT3 may be suitable biomarkers of IMCC.
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Tumor-infiltrating immune cells greatly participate in regulating tumorigenesis and metastasis of hepatocellular carcinoma (HCC). Natural killer cell, as an important role of innate immunity, plays an indispensable role in antitumor immunity and regulate tumor development. In this study, we firstly identified 251 NK cell marker genes of HCC based on single-cell RNA sequencing data. Subsequently, an NK cell marker genes-related prognostic signature (NKPS) was developed in the cancer genome atlas (TCGA) cohort for risk stratification and prognosis prediction. The predictive value of the NKPS in prognosis was well validated in different clinical subgroups and three external datasets (ICGC-LIHC cohort, GSE14520 cohort and Guilin cohort). Moreover, multivariate analysis revealed the independent prognostic value of NKPS for OS in HCC. Further functional analysis indicated the NKPS was associated with basic cellular processes, that may contribute to the development and progression of HCC. Thereafter, immune characteristics as well as the therapeutic benefits in NKPS risk score-defined subgroups were analyzed. Patients with low-risk score exhibited immune-active status, manifested as higher immune scores, more infiltration of CD8+ T cells and macrophage M1, and higher T-cell receptor (TCR) richness and diversity. Remarkably, the NKPS was negatively correlated with immunotherapy response-related signatures. In addition, the low-risk group exhibited significantly improved therapeutic benefits, either from immunotherapy or traditional chemotherapy and target therapy. Overall, the NKPS showed an excellent predictive value for prognosis and therapeutic responses for HCC, which might also provide novel insights into better HCC management strategies.
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Introduction

Hepatocellular carcinoma (HCC), which comprises 75%-85% of primary liver cancer cases, is one of the most common primary malignant tumors with a fairly high incidence and poor prognosis (1, 2). Due to the occult onset, high degree of malignancy and fast progression of HCC, it is often diagnosed at an intermediate to advanced stage, at which point there is no chance for radical treatment (3). Besides, although great improvements have been achieved in the treatment strategy for HCC in recent years, HCC is prone to relapse and drug resistance, and ultimately leads to poor prognosis and high mortality. Therefore, developing a comprehensive and effective management strategy for HCC is urgently needed.

Several traditional clinical characteristics, such as TNM stage and AFP, have been widely proved to be associated with the prognosis of HCC patients, but they may not be sensitive and accurate enough to predict the prognosis of HCC let alone get involved in medical treatment decisions. The Barcelona clinic liver cancer (BCLC) system is one of the most widely and frequently used staging systems of HCC (4), but limited by the lack of information at the molecular level, the BCLC system performs inadequately in predicting long-term outcomes. Therefore, developing a model to effectively predict prognosis and therapeutic effects is crucial.

In recent decades, there is growing evidence indicating that immune cells in the tumor environment (TME) can exert either anti- or pro-tumor effects (5). Therefore, deeper insights into the roles of tumor-associated immune cells are important for exploring reasonable therapeutic strategies and improving the prognosis for HCC. As pivotal components of innate immunity, natural killer (NK) cells possess excellent cytolytic abilities independent of antigen stimulation, thus they constitute the first line of defense against tumors. NK cells can suppress tumor development directly by lysing tumor cells and indirectly by influencing the activities of other immune cells in the TME (6). Remarkably, increasing evidence indicated that tumor-infiltrating NK cells were less cytotoxic, because they expressed lower levels of granzyme B and CD57 and less IFN-γ (7, 8). On the other hand, the interaction of NK cells with tumor cells and stroma cells as well as cytokines in TME could lead to NK cell dysfunction. For example, immune checkpoints expressed on tumor cells and TGFβ1 secreted by tumor stromal cells could drive NK cell malfunction and may thus lead to increased tumor progression including invasion and metastasis (9–11). In addition, regulatory T cells and myeloid-derived suppressor cells can inhibit the activation and function of NK cells (12). Although the importance of NK cells in tumor control has been widely stressed, the contribution of tissue‐resident NK cells in HCC is not well understood. Thus, further investigation of the roles of NK cells in anti-tumor immunity at the molecular level is important for exploring reasonable therapeutic strategies and reducing HCC mortality.

Single-cell RNA-sequencing (scRNA-seq) technology has helped unravel molecular characteristics and biological processes of HCC (13, 14). Recent advancement in scRNA-seq technologies has enabled an in-depth and comprehensive exploration of expressional and functional states of various immune cells in TME. With the aid of scRNA-seq technologies, we identified a variety of NK cell marker genes and constructed a molecular signature to predict the long-term prognosis and therapeutic benefits of HCC patients. Subsequently, the performance of the signature was validated on various databases, and its related biological functions were explored.





Methods




Data collection

The Transcriptomic expression data and the corresponding clinical and survival information of HCC were collected from three different platforms, 365 HCC patients from the TCGA data portal (https://portal.gdc.cancer.gov/), 230 HCC patients from the ICGC data portal (https://dcc.icgc.org/projects/LIRI-JP), and 221 HCC patients from the Gene Expression Omnibus database (https://www.ncbi.nlm.nih.gov/geo/) (GSE14520). In addition, transcriptomic expression and clinical data from 67 HCC patients who received sorafenib and 147 HCC patients who were treated by TACE were downloaded from the GSE109211 dataset and GSE104580 dataset respectively. The transcriptomic expression and immunotherapy effect information of patients with melanoma treated with PD-1 inhibitor were obtained from GSE91061. The scRNA-Seq data for HCC were obtained from the China National Gene Bank Nucleotide Sequence Archive (CNSA: CNP0000650; https://db.cngb.org/cnsa).

Forty-eight patients diagnosed as primary HCC at the Affiliated Hospital of Guilin Medical University (Guilin, People’s Republic of China) between May 2002 and September 2010 were retrospectively included in this study (Guilin cohort). The Guilin cohort patients were diagnosed with HCC based on serological tests, radiological imaging, and pathological evaluations. Clinicopathologic information and tumor tissue of these 48 patients were collected.





Processing single-sell RNA-seq data

Data for scRNA-seq analysis of 12 primary HCC samples were collected for this study. Cell filtering, classification, and visualization of the scRNA-seq data were analyzed by the R package “Seurat”. The top 2000 variable genes were used for further principal component analysis (PCA), and the T-distributed stochastic neighbor embedding (t-SNE) analysis was carried out. The “FindAllMarkers” function was applied to find marker genes for each cell cluster. Marker genes were selected as those with adjusted p values less than 0.01, average log2FC larger than 1. Cell clusters were annotated by the package “SingleR” and then checked manually.





Establishment and validation of NK cell marker genes-related prognostic signature and nomogram construction

Univariate Cox regression analysis was used to identify NK cell marker genes associated with overall survival (OS) in HCC patients from the TCGA cohort. Significant OS-related genes were selected (P<0.01) to further perform variable selection using Least absolute shrinkage and selection operator (LASSO)-penalized Cox regression analysis. The significant predictors were selected using 1 standard error (1-SE) of the minimum criteria. Then, multivariate survival analysis was performed by stepwise Cox proportional hazards regression model to determine the most useful prognostic genes and then NK cell marker genes-related prognostic signature (NKPS) was constructed. The NKPS risk score of each patient was equal to the sum of the products of each gene’s normalized expression level and its corresponding regression coefficients. HCC patients were classified into high- or low-risk group according to the median value of risk score. The Kaplan–Meier algorithm was used to compare the OS or progression-free survival (PFS) between the two groups. Time-dependent receiver operating characteristic (ROC) curve was used to evaluate the accuracy of the prognostic model by the R package “survivalROC”. Subsequently, we performed subgroup analyses to validate the effectiveness of our prognostic signature in different clinical and pathological subgroups. Then, ICGC, GSE14520 and Guilin cohorts were applied for the external validations of the prognostic signature. In addition, univariate and multivariate cox regression analyses were performed to explore the correlation between the signature, clinical characteristics and OS. Finally, clinical characteristic parameters and the NKPS were adopted to establish a nomogram by the R package “rms”, to quantitatively investigate the probability of 1-, 3-, and 5-year OS of HCC patients. Subsequently, calibration curves were used to assess the consistency between predicted and actual survival outcome, and decision curve was used to assess the clinical net benefit of the nomogram.





Functional enrichment analysis

Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses were performed by the “clusterProfiler” package in R.





Gene sets variation analysis

The gene set of immune processes was downloaded from the GSEA website (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp). The Gene sets variation analysis (GSVA) was performed using the “GSVA” package in R. The functional enrichment score of each HCC sample was calculated and the enrichment result was visualized by the “pheatmap” package. The correlation between NKPS risk score and immune processes was determined by Pearson correlation analysis.





Evaluation of immune infiltration and tumor immune microenvironment landscape

Infiltration of immune cells in the HCC sample was examined using the CIBERSORT algorithm with LM22 immune subsets(https://cibersort.stanford.edu/) (15). The “estimate” R package was used to calculate the immune cell infiltration level (immune score), stromal content (stromal score), comprehensive environmental score (ESTIMATE score) and tumor purity. Tumor transcriptome-based estimates of leukocyte fraction, lymphocyte infiltration signature, TGF-beta response, T cell receptor (TCR) richness and Shannon index, and tumor proliferation were obtained from the Pan-Cancer Atlas study of Thorsson et al. (16).





Somatic mutation data processing

Somatic mutation data of HCC patients in the TCGA cohort was downloaded. The R package “maftools” was used to analyze, summarize, and visualize the somatic mutation data of patients in the TCGA cohort. Tumor mutational burden (TMB), a measure of the number of somatic mutations identified per megabase of DNA sequenced, and mutant allele tumor heterogeneity (MATH) score, a tumor-specific score based on the variation in variant allele frequency of all mutations in the tumor were calculated for every patient in the cohort. In addition, the differently mutated genes between the low-risk and high-risk groups were screened.





Prediction of immunotherapeutic response and other therapeutic benefits of HCC patients based on NKPS

To assess the possible ability of risk score for prediction of immunotherapy response, firstly, the relationship between the risk score and immune checkpoint genes such as PD-L1, CTLA-4, LAG3, CD47 and TIM3 was explored. Zhu et al. reported that the atezolizumab + bevacizumab response signature (ABRS), which was derived from the genome-wide differential expression gene and GSEA analyses based on HCC patients who received atezolizumab + bevacizumab treatment in GO30140 and IMbrave150 studies, and T-effector signature (Teff) were highly associated with the clinical benefit of HCC patients to immune checkpoint inhibitors (ICIs) immunotherapy (17). Moreover, IFNG response and IFNA response signatures have been proven to be associated with response to ICIs. Therefore, we evaluated the correlation of the risk score with these ICI immunotherapy response-related signatures. In addition, TIDE score is a novel approach to evaluating the efficacy of ICIs immunotherapy, and it can be obtained from the TIDE website (http://tide.dfci.harvard.edu/) (18).

GSE91061 dataset included 109 melanoma cases with transcriptional expression and the efficacy of immunotherapy. According to the response to immunotherapy, patients in GSE91061 cohorts were classified into two subgroups: complete response (CR)+ partial response (PR), and stable disease (SD)+progressive disease (PD). We calculated the risk score of each patient and analyzed its impact on the prognosis and the efficacy of the PD-1 inhibitor. Furthermore, the predictive value of the NKPS risk score for chemotherapy benefit and sorafenib efficacy in HCC patients was evaluated based on GSE104580 and GSE109211 datasets, respectively.





Real−time quantitative polymerase chain reaction

Total RNA of human HCC sample was extracted using TRIzol reagent (Invitrogen, USA) according to the manufacturer’s instructions and was reverse transcribed into cDNA using Hifair® III 1st Strand cDNA Synthesis SuperMix for qPCR (YEASEN, China). The mRNA expression was assessed by real-time quantitative polymerase chain reaction (RT-qPCR) using Hieff UNICON ® Universal Blue qPCR SYBR Green Master Mix (YEASEN, China). The relative mRNA expression levels of target genes were calculated by the comparative CT method. The primers used in this experiment are listed in Supplementary Table S1.





Immunohistochemistry

The tissue slides of HCC sample through deparaffinization and dehydration were incubated with anti-CD8 primary antibody overnight at 4 °C after epitope retrieval, H2O2 treatment and non-specific antigens blocking. Slides were next incubated with secondary antibody, followed by signal detection with DAB staining kit (Zsbio, China)





Statistical analysis

Data were presented as median (range). Medians were compared using the Wilcoxon rank-sum test. Chi-squared test or Fisher’s exact test was used to compare two percentages. The relationship between the risk score and other continuous variables was calculated by the Pearson method. Univariate and multivariate Cox regression analyses were implemented to identify independent predictors of OS. The OS and PFS between the different groups were evaluated by Kaplan-Meier analysis. If not specified above, a P value less than 0.05 was considered statistically significant, and all P values were two-tailed. All statistical analysis was performed in R 4.2.0.






Results




Identification of NK cell marker genes expression profiles

We first obtained single-cell transcriptomic profile data of 12 primary HCC samples, consisted of 10548 single cells from the CNP0000650 dataset. PCA and t-SNE analysis was conducted to reduce the dimensionality by using the 2000 variable genes and identified 21 cell clusters (Figure 1B). According to expressions of marker genes, 6 major cell types were identified, including T cells, B cells, NK cells, myeloid cells, hepatocytes, and endothelial cells (Figure 1A). Heatmap showing the expression of marker genes in the indicated cell types (Figure 1C). Among the 21 distinct cell clusters, cells in cluster 5 were defined as NK cells and possess distinct gene expression profiles, with 251 differently expressed genes from other clusters. We identified these 251 genes as HCC-related NK cell marker genes. The GO enrichment and KEGG pathway analysis showed that these NK cell marker genes are highly enriched in immune-related processes (Supplementary Figures S1A, B).




Figure 1 | Single-cell RNA sequencing (scRNA-seq) analysis of HCC patients. (A) t-SNE visualization of the 10548 cells from 12 primary HCC tumor tissue in the CNP0000650 dataset. (B) t-SNE clustering of scRNA-seq colored by cell types. (C) Heatmap showing the expression of marker genes in each cluster.







Construction of NK cell genes-related prognostic signature for the prognostic prediction of HCC

All 365 HCC patients with OS information in the TCGA cohorts were included to construct a prognostic model. We first performed univariate Cox regression analysis to explore NK cell marker genes related to OS, and 37 NK cell marker genes were found to be statistically significant (p < 0.01). After taking these 37 genes into the LASSO Cox regression model with minimized lambda, 12 NK cell marker genes were identified (Supplementary Figure S2C). To get a more practical model, we used stepwise cox proportional hazards regression to screen the most powerful predictive prognostic genes with regression coefficients. Five genes (LPCAT1, IL18RAP, SRSF2, ADGRG3, ADGRE5) (Supplementary Figure S2D) were identified to establish the NK cell marker genes-related prognostic signature (NKPS). The specific risk scores of OS were calculated as follows: risk score = (0.199* expression level of LPCAT1) + (-0.937* expression level of IL18RAP) + (0.492* expression level of SRSF2) + (0.189* expression level of ADGRG3) + (0.146* expression level of ADGRE5). HCC patients in the TCGA cohort were classified into low- and high-risk groups based on the median value of the risk score, and we compared the clinical and molecular differences between the two groups in the TCGA cohort (Supplementary Table S2). We found that a higher risk score was associated with more aggressive malignant characteristics, such as poorer tumor differentiation and more advanced tumor TNM stage. The distribution of risk score and survival status corresponding to the expression of each gene were displayed in Figure 2A. The Kaplan–Meier curve showed that patients in the high-risk group had significantly poorer OS than those in the low-risk group (p < 0.001) (Figure 2B). The areas under the curve (AUCs) of the time-dependent ROC curves for OS at 1, 3 and 5 years were 0.793, 0.802 and 0.723, respectively (Figure 2C). Moreover, the high-risk group had a significantly poorer PFS than the low-risk group (p < 0.001) (Figure 2D). The AUCs of the time-dependent ROC curves for PFS at 1, 3 and 5 years were 0.710, 0.703 and 0.606, respectively (Figure 2E). These results indicated high sensitivity and specificity of the NKPS for predicting OS and PFS.




Figure 2 | Construction and validation of NK cell marker genes-related prognostic signature (NKPS). (A) The distribution of risk scores and survival status, and the expression of the identified 5 NK cell marker genes in low- and high-risk groups. (B) Kaplan-Meier curve analysis of overall survival of HCC in low- and high-risk groups in TCGA cohort. (C) Time-dependent ROC analysis of the NKPS for predicting the risk of death at 1, 3, and 5 years in TCGA cohort. (D) Kaplan-Meier curve analysis of progression-free survival of HCC in low- and high-risk groups in TCGA cohort. (E) Time-dependent ROC analysis of the NKPS for predicting the risk of disease progression at 1, 3, and 5 years in TCGA cohort. (F) Kaplan-Meier curve analysis of overall survival of HCC in low- and high-risk groups in GSE14520 cohort. (G) Kaplan-Meier curve analysis of progression-free survival of HCC in low- and high-risk groups in GSE14520 cohort. (H) Kaplan-Meier curve analysis of overall survival of HCC in low- and high-risk groups in ICGC cohort. (I) Kaplan-Meier curve analysis of overall survival of HCC in low- and high-risk groups in Guilin cohort.







Validation of the NKPS in different clinical subgroups and external datasets

The prognostic value of NKPS was evaluated in different age, gender, TNM stage, pathological stage, AFP level, and HBV or HCV infection subgroups. The survival curve showed that in each subgroup, the patients with a high NKPS risk had significantly poorer OS compared to the patients with low NKPS risk (Supplementary Figures S3A–L).

To validate the prognostic performance of the NKPS in different data platforms, the GSE14520 dataset, ICGC dataset and Guilin cohort were used as external validation datasets. According to the same formula, the HCC patients in these three cohorts were classified into low-risk and high-risk groups using a median-risk score. We observed consistent differences in clinical characteristics between low-risk and high-risk groups (Supplementary Table S2). Consistent with the results in the TCGA cohort, the group with a high risk in the GSE14520 cohort showed significantly poorer OS and poor PFS relative to the group with a low risk (Figures 2F, G). The AUCs for 1-, 3-, and 5-year OS and 1-, 3-, and 5-year PFS were 0.677, 0.722, 0.658 and 0.664; 0.652, 0.603 respectively (Supplementary Figures S4A, B). Similarly, in the ICGC cohort, the high-risk group presented worse OS than those of the low-risk subgroup (p < 0.001) (Figure 2H). The AUC at 1-, 3- and 5- years were 0.762, 0.723, 0.715, respectively (Supplementary Figure S4C). Moreover, in accordance with the results in the public dataset, a higher survival rate was observed in low-risk group in our Guilin cohort (p=0.037) (Figure 2I).





Independent prognostic value of NKPS

To portray a detailed prognostic value of the NKPS, we performed univariate and multivariate Cox regression analysis in TCGA, ICGC, GSE14520, and Guilin cohorts, respectively. In univariate Cox regression analyses, the risk score was significantly associated with OS in all four HCC cohorts. Moreover, after correction for other confounding factors by multivariate Cox regression, the NKPS was still significantly related to OS in all four HCC cohorts (TCGA cohort: HR = 2.57, 95% CI = (1.99, 3.33), p<0.001; ICGC cohort: HR = 2.06, 95% CI = (1.34,3.15), p = 0.001; GSE14520 cohort: HR = 2.06, 95% CI = (1.25, 3.40), p<0.001; Guilin cohort: HR = 1.87 95% CI = (1.20, 2.80), p=0.003), which indicated that NKPS could independently predict the prognosis in each cohort (Table 1).


Table 1 | Univariate and multivariate Cox regression analyses of variables related to OS in the TCGA, ICGC, GSE14520 and Guilin cohorts.







NKPS-related biological functions

To explore the potential mechanism of how NKPS predicts HCC prognosis, we investigated the biological function of NKPS. Firstly, genes highly related to NKPS were identified in the TCGA cohort with Pearson correlation coefficient >0.5 and p<0.001, and 1064 positively-correlated genes were identified. The top 100 positively correlated genes were plotted in a heatmap (Figure 3A). Next, GO analysis and KEGG analysis were conducted. GO analysis revealed that these genes were mostly correlated to basic cellular processes, including chromosome segregation, nuclear division, DNA replication, mRNA processing, translation and cell proliferation (the top5 GO enrichment results in each category were shown in Figure 3B). KEGG pathways analysis also reflected high enrichment of pathways involved in the cell proliferation, including cell cycle and DNA replication (the top10 KEGG enrichment results were shown in Figure 3C).




Figure 3 | NKPS related biological functions. (A) Heatmap showed the top 100 genes that had the most significant correlations with NKPS. (Pearson R> 0.5, P < 0.001). (B) Representative GO terms of the correlated genes. (C) Representative KEGG enrichment results of the correlated genes.







Association between the NKPS and immune cell infiltration in the tumor microenvironment

Since anti-tumor immunity is highly modulated by the proliferation and activation of immune cells, we explored the association between the NKPS and immune cell infiltration in the tumor microenvironment in HCC patients. We characterized and analyzed the infiltrating level of different immune cells in low- and high-risk HCC patient groups based on NKPS. CIBERSORT-based analysis revealed that low-risk patients have significantly higher CD8+ T cell, T cell CD4 memory resting, T cells gamma delta, and significantly lower M0 macrophage, eosinophils and neutrophils compared to the high-risk group (Figure 4A). Composition of tumor-infiltrating immune cells in two groups was presented in Figure 4B. Moreover, via ESTIMATE algorithm, we observed that the high-risk group had higher tumor purity than the low-risk group (Figure 4F), while the low-risk group exhibited higher stromal score, immune score and ESTIMATE score (Figures 4C–E).




Figure 4 | The Association between the NKPS and immune cell infiltration in tumor microenvironment. (A) The comparison of immune cells infiltration level of 22 immune cell types between low-risk and high-risk groups. (B) The composition of different immune cells between low- and high-risk groups. (C–F) comparison of stromal score (C), immune score (D), ESTIMATE score (E) and Tumor purity (F) between low-risk and high-risk groups. (G) The relative mRNA expression of CD8A in the Guilin cohort. (H) Representative immunostaining pictures of CD8 between low-risk and high-risk groups in the Guilin cohort.



Since the killing of tumor cells by CD8+ T cells is the principal mechanism of immune protection against tumors, and the difference in CD8+ T cells infiltration between the high-risk and low-risk group in our study was most striking, we detected the infiltration level of CD8+ T cells in tumor tissues by RT-PCR and immunohistochemistry. In accordance with the immune infiltration analysis, proportions of CD8+ T cells infiltrated in low-risk tumors were significantly higher than those in high-risk group (p = 0.043) (Figure 4G). Representative immunohistochemistry staining pictures of high- and low-risk tumors were showed in Figure 4H.





Distinct immune response and inflammatory profiles in tumors among NKPS subgroups

We then further explored the correlation between NKPS with immune function. Immune-associated pathway enrichment score of each sample in the TCGA cohort was calculated by GSVA. We found that NKPS was significantly negatively associated with enrichment scores of immune-associated pathways, including activation of different immune cells involved in immune response, cytokine production involved in immune response, and various immune cells mediated immune response to tumor cell (Figure 5A). Moreover, to get a further understanding of NKPS-related inflammatory and immune activities, we collected seven inflammatory and immune-related gene signatures, including HCK, IgG, LCK, MHC-I, MHC-II, STAT1 and interferon. Figure 5B showed that NKPS was negatively correlated with these seven inflammatory and immune-related gene signatures. Regarding cancer immunity scores provided by Thorsson et al. for the TCGA cohort (16), the low risk group had higher scores of leukocyte fraction, lymphocyte infiltration signature, macrophage regulation, T cell receptor (TCR) Richness and TCR Shannon index, while the lower score of TGF-beta response and lower level of proliferation compared to high-risk score (Figures 5C–H).




Figure 5 | Distinct immune response and inflammatory profiles in tumors among NKPS subgroups. (A) the heatmap showed the risk score and the enrichment scores of immune functions of each patient in the TCGA cohort. The bar plot on the right showed the R- value and P- value of the correlation analysis. (B) Correlation matrix of risk score and seven immune and inflammatory-related metagenes based on TCGA cohort. The number inside the circle represents the R- value of the correlation analysis. Asterisks indicates significance of the correlation: one asterisk, P<0.05; two asterisks, P<0.01; three asterisks, P<0.001. (C–H) Boxplots for various immune response-related scores among low-risk and high-risk group in the TCGA cohort. (C) TCR richness, (D) TCR Shannon, (E) lymphocyte infiltration, (F) leukocyte fraction, (G) TGF-beta response, (H) proliferation.







Different somatic alteration landscapes between the high− and low−risk groups

To explore the somatic alteration landscape between the low- and high-risk groups, we analyzed somatic mutation data of HCC patients in the TCGA cohort. Although there was no significant difference in TMB between the low- and high-risk groups (Figure 6C), the high-risk group presented a significantly higher MATH score (Figure 6D), which indicated a higher inter-tumor heterogeneity. The top 20 variant mutations in the low- and high-risk groups were displayed in Figures 6A, B, and the forest plot showed the mostly differentially mutated genes between the two groups (Figure 6E). The TP53 gene mutation differed most significantly between the two groups (mutation rate of the high-risk group vs the low group: 47% vs 14%, OR, 5.234, p<0.001).




Figure 6 | Different somatic alteration landscape between the low- and high-risk groups. (A, B) The Oncoplot was constructed by the top 20 mutation genes in the low-risk (A) and high-risk (B) subgroups. Each liver tumor from an individual patient in TCGA cohort was represented in each column. (C, D) The difference of Tumor mutation burden (TMB) (C) and mutant allele tumor heterogeneity (MATH) score (D) in low- and high-risk groups. (E) The forest plot shows the most significantly differently mutated genes between the low- and high-risk group. ** indicating p<0.01; *** indicating p<0.001.







Prediction of immunotherapy response and other therapeutic efficacy based on NKPS

We investigated the relationship between NKPS risk score and five immune checkpoint molecules (PD-L1, CTLA4, LAG3, TIM3 and CD47). The risk score showed a positive relationship with the expression of TIM3 and CD47 (Figure 7A). Next, we examined the correlation between the risk score and several signatures that are closely related to the response to ICIs in HCC patients. As shown in Figure 7A, the NKPS were significantly inversely related to ABRS, Teff, IFNA response and IFNG response (all p<0.001). In addition, TIDE algorithm was applied to predict the likelihood of immunotherapy response of each HCC patient in the TCGA cohort. The results showed that the low-risk group possessed significantly higher TIDE and exclusion scores and lower dysfunction scores compared to the low-risk group (Figures 7B–D). Above results suggested that HCC patients in the low-risk group are more likely to be responsive to ICI therapy. Due to a lack of suitable publicly available transcriptional data about HCC patients who underwent ICI treatment, we collected the GSE91061 dataset, which included 109 anti-PD-1 treated malignant melanoma samples, to validate the potential predictive value of NKPS. The results showed more ICI responders (CR/PR: complete response/partial response) were enriched in the low‐risk subgroup (35.8% vs 7.7%, p<0.001) (Figure 7E).




Figure 7 | The role of NKPS in predicting immunotherapeutic response and other therapeutic benefits for HCC patients. (A) The correlation between risk score and inhibitory immune checkpoints and signatures which can predict the response to immunotherapy. The color of the band represented the Pearson R-value. (B–D) Tumor immune dysfunction and exclusion (TIDE) score (B), T cell exclusion score (C) and T cell dysfunction score (D) between low-risk and high-risk groups. (E) Treatment response rates of anti-PD-1 immunotherapy in low- and high -risk groups in the GSE91061 cohort. (F) Treatment response rates of sorafenib in low-risk and high-risk groups in the GSE109211 cohort. (G) Treatment response rates of TACE in low-risk and high-risk groups in the GSE104580 cohort.



Sorafenib and TACE are the two commonly used therapeutic modalities for HCC patients, and we also evaluated the predictive value of NKPS in HCC patients who received sorafenib and TACE therapy. Bar plot (Figure 7F) showed a significantly higher response rate of sorafenib in the low-risk group than in the high-risk group (44.1% vs 18.2%, p=0.022). Similarly, more individuals in the low-risk group presented a response to TACE than that in the high-risk group (77.0% vs 32.9%, p<0.001) (Figure 7G).





Construction of a nomogram based on the NKPS

NKPS was proven to be a significantly independent prognostic factor through Cox regression analysis with multiple clinical features (Table 1). To quantitatively evaluate the survival probability of HCC individuals in the clinical setting, we combined it with other clinicopathological traits to construct a nomogram (Figure 8A).




Figure 8 | (A) Nomogram combining clinical characteristic parameters and NKPS risk score for predicting overall survival for HCC patients. (B) The predicted calibration curve approached the standard curve at the 1-, 3- and 5-year calibration points. (C) Decision curve of the nomogram.



The C-index of 0.73 indicated the good performance of nomogram. Furthermore, the calibration curve shown good agreement between predicted and the actual probability at different survival time points, including 1-, 3-, and 5-year OS (Figure 8B). The decision curve showed that the nomogram had the best predictive performance (Figure 8C)






Discussion

NK cells, which make up roughly 50% of the hepatic lymphocyte pool (19), play an indispensable role in tumor surveillance and control. Studies have shown that intrahepatic NK cells possess higher cytotoxic activity against tumor cells than peripheral blood NK cells (20). In addition, Xue et al. reported that high NK cell levels could predict better survival for patients with HCC (21). Thus, a more comprehensive understanding of the role of NK cells in HCC would undoubtedly contribute to better surveillance and management of HCC.

In this study, we firstly used scRNA-seq for a comprehensive view of transcriptional profile of the intrahepatic NK cells. Subsequently, NKPS, a robust prognostic signature for HCC based on NK cell marker genes was established and well-validated. Patients with low-risk NKPS scores in the TCGA cohort showed better OS and RFS. Besides, similar results were observed in three independent validation cohorts, ICGC, GSE14520 and Guilin cohorts. Moreover, when performing a subgroup analysis, the prognostic difference between the low-risk and high-risk groups was observed in different clinical characteristics. Multivariate Cox regression analyses in the three cohorts suggested the independent role of NKPS as a predictive marker of the long-term prognosis of HCC. These results indicated the effectiveness and robustness of NKPS in predicting HCC prognosis.

The NKPS proposed in the present study was composed of 5 NK cell marker genes (LPCAT1, IL18RAP, SRSF2, ADGRG3, ADGRE5). The IL18RAP gene, encoding an indispensable subunit of the IL-18R complex, plays an important role in IL18 signaling transduction (22). The prognostic role of IL18RAP has been reported in various cancers, including HCC, renal cell carcinoma and esophageal carcinoma (23–25). The proteins encoded by ADGRE5 and ADGRG3 belong to the family of adhesion G protein-coupled receptors, which could modulate the cellular processes closely related to tumor cell biologies, such as cell adhesion and detachment, migration, polarity, and guidance (26, 27). Studies have shown that the expression of ADGRE5 correlated with tumor cell invasion and angiogenesis, leading to a poor clinical prognosis in several cancers (28, 29). LPCAT1, as a key enzyme regulating phospholipid metabolism, could modulate cell membrane fluidity and facilitate tumor cell metastases in HCC (30). Splicing factor SRSF2 acts as a critical regulator for cell survival, its mutation or dysregulation of expression has been reported to drive the process of hepatocarcinogenesis (31, 32). This study identified five genes as a prognostic molecular signature, which may also provide an increased understanding of the molecular mechanisms underlying the pathogenesis of HCC.

We further performed a series of functional analyses to explore the possible mechanism behind the prognostic power of the NKPS. GO and KEGG analyses based on the genes closely related to the NKPS revealed that these related genes were mostly associated with cellular proliferation, cell cycle and DNA replication. Since NK cell can directly induce apoptosis in tumor cells or induce ADCC activity to lyse tumor cells, dysfunction of NK cells can cause dysregulation of cell cycle and cellular proliferation, resulted in unrestrained cell growth and tumor development, and then leading to a poor prognosis. In addition, the genetic landscape analysis found that high-risk score patients exhibited significantly higher inter-tumor heterogeneity. Remarkably, the mutation of several tumor suppressor genes, such as TP53 and RB1, occurred more frequently in patients with high-risk scores. Previous studies have shown that mutations of TP53 and RB1 were correlated with uncontrolled cell cycle progression, and contributed to poor survival in HCC (33, 34). These results hinted the abnormal cellular process in patients with high-risk scores and might explain the more aggressive tumor characteristics and worse prognosis of high-risk patients

Furthermore, we investigated the relationship between tumor immune cell infiltration and NKPS. The estimate algorithm demonstrated the negative correlation between NKPS and immune infiltration. Patients with high NKPS risk scores possessed lower immune scores, stromal scores and ESTIMATE scores, whereas higher tumor purity, as compared to patients with a low NKPS risk score. Specifically, we also evaluated the relative infiltration of immune cells in high-risk and low-risk groups. The results showed that patients with low-risk scores were in an immune-active state, manifested as high infiltration of CD8+ T cells and macrophages M1. In contrast, patients with high-risk scores possessed a higher frequency of macrophage M0, neutrophils and eosinophils, which have been proved implicated in immunosuppression and tumor progression (35, 36). These results could explain the predictive capacity of the NKPS. CIBERSORT-based analysis showed that the difference of infiltration level of NK cells between NKPS high and low groups was not obvious, possible reasons include the following, firstly, all genes used in preliminary screening were NK cell marker genes, and secondly, we performed lasso-cox regression to determine the critical genes in HCC patients’ survival and then constructed the prognostic model, so patients in the NKPS high and low groups differed mostly by long-term survival. Although the infiltration level of NK cells between NKPS high and low groups was not so obvious, immune-associated pathway enrichment analysis showed that patients with high NKPS risk score possess less score of NK cell anti-tumor function, such as low score of NK cell activation involved in immune response and NK cell mediated response to tumor cell.

Furthermore, GSVA showed that NKPS was negatively correlated with immune and inflammatory responses. Moreover, patients in the low-risk group presented higher TCR richness and diversity, which implied an improved ability of antigen uptake and presentation. In addition, the host defense immunity activity (leukocyte fraction, and lymphocyte infiltration) was higher in the low-risk group compared with the high-risk group. Moreover, we validated the higher infiltration of CD8+ T cells in the low-risk group based on our Guilin cohort. These results showed that the low-risk group was in immune-active status. Meanwhile, these results revealed that the potential mechanism of the prognostic ability of NKPS may be related to the immune responses.

The recent advent of immunotherapy, especially immune checkpoint inhibitors (ICIs), has dramatically transformed the treatment landscape for advanced HCC, but not all patients could benefit from immunotherapy. Therefore, exploring a potential prognostic biomarker to identify patients who would benefit the most from ICIs is crucial. In this study, the correlation analyses suggested that the NKPS was significantly negatively correlated with the ICI immunotherapy response-related signatures, including ABRS, Teff, IFNA response and IFNG response signature, which means patients with low-risk scores will benefit more from immunotherapy. Moreover, TIDE is a newly discovered immunotherapy predictor and has been proven to have better predictive performance than other biomarkers or indicators (18). A higher TIDE score represented a higher potential for immune evasion, which indicated that the patients were less likely to benefit from ICI therapy. In this study, the low-risk subgroup had a lower TIDE score than the high-risk subgroup, implying that NKPS-low patients could benefit more from ICI therapy than NKPS-high patients. Due to the lack of publicly available large-scale sequencing data of HCC patients receiving immunotherapy. Meanwhile, aiming to investigate the wider applicability of NKPS, melanoma patients receiving anti-PD-1 therapy were enrolled. A significantly higher response rate (CR/PR) in the low-risk subgroup validated the predictive power of NKPS for immunotherapeutic effect. Besides, transcatheter arterial chemoembolization (TACE) and sorafenib are two of the major and widely used treatment methods for advanced HCC. In our results, patients with low risk scores were more likely to respond to sorafenib or TACE than patients with high risk scores. Taken together, NKPS could act as a reliable biomarker for predicting response to immunotherapy or traditional therapies, therefore, it’s helpful to formulate strategies to better manage HCC patients.

There did exist some limitations in this study. Firstly, the prognostic signature was constructed based on the data from the public datasets, additional verification by large-scale clinical trials is needed. Furthermore, these findings need to be validated and explored in immunotherapy trials. Secondly, although our study indicated that NKPS can be used to predict response to immunotherapy of HCC patients, validation in independent cohorts of HCC patients who were treated with immunotherapy is required. Lastly, the specific mechanisms underlying the NKPS’s prognostic power require further experimental verification and discussion.

In conclusion, we constructed and validated a prognostic signature consisting of five NK cell marker genes for HCC based on scRNA-seq and bulk RNA-seq analysis. The NKPS possesses an excellent ability to distinguish the malignant degree of the tumor and the prognosis of patient. In addition, NKPS could be used as a powerful tool to predict the therapeutic benefits of HCC and provide treatment guidance for HCC.
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Hepatocellular carcinoma (HCC) is a heterogeneous and aggressive liver cancer that presents limited treatment options. Despite being the standard therapy for advanced HCC, sorafenib frequently encounters resistance, emphasizing the need to uncover the underlying mechanisms and develop effective treatments. This comprehensive review highlights the crucial interplay between the tumor microenvironment, cancer stem cells (CSCs), and epithelial-mesenchymal transition (EMT) in the context of sorafenib resistance. The tumor microenvironment, encompassing hypoxia, immune cells, stromal cells, and exosomes, exerts a significant impact on HCC progression and therapy response. Hypoxic conditions and immune cell infiltration create an immunosuppressive milieu, shielding tumor cells from immune surveillance and hindering therapeutic efficacy. Additionally, the presence of CSCs emerges as a prominent contributor to sorafenib resistance, with CD133+ CSCs implicated in drug resistance and tumor initiation. Moreover, CSCs undergo EMT, a process intimately linked to tumor progression, CSC activation, and further promotion of sorafenib resistance, metastasis, and tumor-initiating capacity. Elucidating the correlation between the tumor microenvironment, CSCs, and sorafenib resistance holds paramount importance in the quest to develop reliable biomarkers capable of predicting therapeutic response. Novel therapeutic strategies must consider the influence of the tumor microenvironment and CSC activation to effectively overcome sorafenib resistance in HCC.
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Introduction

Primary liver cancer was identified as the sixth most commonly diagnosed cancer and the third leading cause of cancer-related deaths worldwide in 2020, ranking only below lung and colorectal cancer in terms of mortality rates (1). The predominant form of primary liver cancer is hepatocellular carcinoma (HCC), accounting for 75% to 85% of all cases (1). Despite significant advancements in HCC treatment, clinical outcomes remain unsatisfactory, with over half of patients experiencing relapse within five years (2).

For patients with advanced-stage HCC, the first-line treatment since 2008 has been the multi-kinase inhibitor sorafenib, which has demonstrated efficacy in extending patients’ survival time (3). However, the development of drug resistance typically occurs within six months of treatment (4), necessitating the urgent exploration of novel therapeutic regimens to overcome sorafenib resistance.

Sorafenib, a multi-target tyrosine kinase inhibitor (TKI), has exhibited potent anti-angiogenic and anti-proliferative effects on tumor cells. Notably, sorafenib achieves tumor angiogenesis inhibition by targeting the hepatocyte cytokine receptor, platelet-derived growth factor receptor, and vascular endothelial growth factor receptor 2 (VEGFR-2) (5). Furthermore, it hinders tumor proliferation by focusing on RAF-1, b-Raf, and kinase activity in the Ras/Raf/MEK/ERK signaling pathway (6). Despite the introduction of alternative treatment strategies such as lenvatinib, regorafenib, and immune checkpoint inhibitors, sorafenib retains a prominent position in clinical settings, supported by substantial evidence.

Elucidating the factors contributing to sorafenib resistance holds immense significance in improving treatment outcomes for hepatocellular carcinoma (HCC) patients. Recent studies have emphasized the crucial roles played by the tumor microenvironment (TME) and cancer stem cells (CSCs) in drug resistance development. In this review, we provide an overview of recent findings regarding hypoxia, the immune microenvironment, viral reactivation, and exosomes within the TME, alongside the distinctive features of CSCs that contribute to sorafenib resistance. This comprehensive understanding facilitates the advancement of novel clinical implementations and treatment selection (Figure 1).




Figure 1 | The role of TME and CSCs in sorafenib resistance of HCC. Cancer stem cells could survive with the help of components of TME under the treatment of sorafenib, leading to drug resistance and tumor recurrence. TME, tumor microenvironment; CSCs, cancer stem cells; CAF, cancer-associated fibroblasts; ECM, extracellular matrix; HCC, hepatocellular carcinoma.







Tumor microenvironment and sorafenib resistance of HCC

The tumor microenvironment (TME) comprises tumor cells, cancer-associated stromal cells, immune cells, secreted products (such as cytokines and chemokines) from these cells, and non-cellular components of the extracellular matrix (ECM) (7). The TME significantly influences tumor initiation and progression. Recent studies have underscored the critical role of interactions between tumor and non-tumor cells in hepatocellular carcinoma (HCC) metastasis (3). Furthermore, non-cellular proteins or molecules within the TME have been implicated in profoundly affecting tumor cell behavior (2). The major effects and molecular signaling of TME components on sorafenib resistance in HCC are summarized in Table 1.


Table 1 | The role of TME in sorafenib resistance of HCC.






Hypoxia

The hypoxic environment in hepatocellular carcinoma (HCC) contributes to angiogenesis, invasiveness, and chemoresistance by upregulating the expression of vascular endothelial growth factor (VEGF) and hypoxia-inducible factor 1α (HIF-1α) (8). HIFs are transcription factors (TFs) composed of key members such as HIF-1α, HIF-2α, HIF-3α, and HIF-β, which regulate tumor proliferation, angiogenesis, and metastasis through hypoxia-induced signaling pathways. Previous studies have demonstrated the crucial roles of both HIF-1α and HIF-2α in HCC initiation (9). Overexpression of HIF-1α has been observed in HCC patients and correlates with poor clinical outcomes (9).

A causal loop exists between acquired sorafenib resistance and the hypoxic tumor microenvironment. Multiple studies have indicated that continuous sorafenib treatment induces tumor hypoxia, leading to the selection of tumor clones that adapt to a hypoxic environment by activating HIF-1α and NF-κB, thereby diminishing the efficacy of sorafenib (10). Nuclear translocation of HIF-1α and HIF-2α is indispensable for HCC cells to develop sorafenib resistance and regain angiogenesis and proliferation capabilities (11, 12). Other studies have found that sorafenib triggers a switch from HIF-1α-dependent to HIF-2α-dependent pathways, promoting the expression of VEGF and cyclin D1, thus enhancing sorafenib resistance and tumor growth (13, 14). Increased expression of HIF-2α induced by sorafenib activates the TGF-α/EGFR pathway, leading to drug resistance (15). Given that HIF proteins play a significant role in sorafenib resistance, various approaches have been explored to target HIF proteins using small molecules or microRNAs (28). For example, Xu et al. reported that Mir-338-3p sensitized HCC cells to sorafenib by targeting HIF-1α (16). Additionally, the HIF-2α inhibitor PT-2385 was found to significantly improve sorafenib efficacy by upregulating the androgen receptor and suppressing downstream pSTAT3/pAKT/pERK signaling (17). Collectively, these findings highlight the tight association between abnormal expression of HIF proteins and sorafenib resistance in HCC, suggesting a causal relationship between hypoxia and the therapeutic efficacy of sorafenib. On the other hand, clinical sorafenib treatment can activate the C-X-C receptor type 4 (CXCR4)/stromal-derived factor-1α (SDF-1α) axis, aggravate intratumoral hypoxia in hepatocellular carcinoma (HCC), and further lead to hepatocellular carcinoma. Therefore, a multifunctional oxygen delivery nanoplatform was rationally constructed based on oxygen-saturated perfluorohexane (PFH) core liposomes, with the CXCR4 antagonist LFC131 peptide modified on the surface to simultaneously deliver sorafenib and the CSF1/CSF1R inhibitor PLX3397 (named PFH@LSLP) for the treatment of HCC resistant to sorafenib (18). Targeting these molecules could offer an effective therapeutic strategy to overcome sorafenib resistance in HCC.





Immune microenvironment

The immune microenvironment plays a crucial role in the malignant transformation and progression of hepatocellular carcinoma (HCC), and significant advancements have been made in immunotherapy strategies in recent years. Emerging evidence suggests a close correlation between the tumor immune microenvironment and drug resistance. For instance, the infiltration of tumor-associated macrophages (TAMs) has been reported to be involved in regulating the sensitivity of HCC to sorafenib (29–31). Studies have shown that TAM infiltration occurs concomitantly with the tumor epithelial-to-mesenchymal transition (EMT) status (19). This phenomenon may be attributed to the ability of TAMs to induce EMT and enhance stemness features in tumor cells, contributing to sorafenib resistance (20). However, the underlying mechanisms of TAM-mediated tumor cell progression remain largely unknown. Cytokines or chemokines secreted by TAMs are often the key mediators of communication between TAMs and cancer cells. For instance, hepatocyte growth factor (HGF) produced by M2 macrophages has been shown to promote tumor growth, migration, and invasion (21). Infiltration levels of M2 TAMs and HGF expression were found to be significantly increased in drug-resistant tumor cells compared to sorafenib-sensitive tumors (21). Mechanistic studies have revealed that HGF mediates drug resistance in HCC through the activation of the HGF/C-Met, ERK1/2/MAPK, and PI3K/AKT pathways (21). Considering the pivotal role of TAMs in supporting cancer cell survival and progression, therapeutic agents targeting TAMs are being rapidly developed, with some clinical trials demonstrating promising results and improved clinical outcomes (32).

Neutrophils, another component of the immune microenvironment, exert significant influence on the behavior of cancer cells. The impact of neutrophils on cancer cell proliferation and metastasis can vary depending on the specific tumor microenvironment (31). Zhou and colleagues investigated the role of tumor-associated neutrophils (TANs) in HCC progression and found that patients who received preoperative sorafenib treatment exhibited significantly higher levels of TAN infiltration compared to those who did not receive sorafenib. This finding was further validated in xenograft mouse models, where sorafenib treatment led to increased TAN infiltration along with enhanced expression of CCL2 and CCL17. Depletion of TANs combined with sorafenib administration achieved the greatest suppression of tumor growth in mice compared to using sorafenib alone (31).

Over more, cancer-associated fibroblasts (CAFs) play a significant role in chemo-resistance induction, promoting tumor cell proliferation, invasiveness, and metastatic potential in various cancers, including HCC (33, 34). CAF-derived SPP1 was identified to enhance TKI resistance in HCC by bypassing oncogenic signaling activation and promoting EMT. Targeting CAF-derived SPP1 represents a promising therapeutic approach against TKI resistance in HCC (35).

Furthermore, the immune microenvironment is regulated by hypoxia. Studies have demonstrated that sorafenib-induced hypoxia can upregulate the expression of CXCL5 and IL-1β in HCC cells in a HIF-dependent manner (22, 31). This, in turn, recruits peripheral blood neutrophils to the tumor site, where they differentiate into TANs. Under hypoxic conditions, TAMs and regulatory T cells (Tregs) are also activated, collectively promoting tumor angiogenesis (31). Gao et al. revealed that targeting intratumoral stem-like CCR4+ regulatory T cells (Tregs) enhances antitumor immunity, overcomes sorafenib resistance, and sensitizes tumors to PD-1 checkpoint blockade. Inhibiting Treg infiltration into the tumor microenvironment using a CCR4 antagonist or N-CCR4-Fc effectively reduces Treg accumulation. These findings suggest that targeting intratumoral CCR4+ Tregs holds promise as a therapeutic strategy to improve immune responses and overcome sorafenib resistance (24). Continued sorafenib treatment has been observed to cause tumor immunosuppression characterized by increased expression of programmed death ligand 1 (PD-L1) and accumulation of Treg cells, leading to tumor recurrence (36, 37). In light of these observations, the combination of immune checkpoint blockade with sorafenib holds great promise for the treatment of HCC.





Exosomes

Exosomes, which are small extracellular vesicles (EVs) derived from stromal cells or tumor cells, play a critical role in cell-to-cell communication within the tumor microenvironment (TME). Numerous studies have highlighted the involvement of exosomes in the regulation of sorafenib sensitivity both in vitro and in vivo (23). For instance, exosomes secreted by adipose tissue mesenchymal stem cells (AMSCs) were found to carry and deliver Mir-122, a microRNA that mediates the communication between AMSCs and HCC cells. Mir-122, upon transport into tumor cells, regulates the sensitivity of HCC to sorafenib by modulating the expression of target genes. Intratumoral injection of Mir-122-loaded exosomes significantly enhanced the anti-tumor effect of sorafenib in HCC mouse models, underscoring the therapeutic potential of exosomes in cancer treatment (25). In addition to microRNAs, long non-coding RNAs (lncRNAs) have also been implicated in exosome-mediated drug resistance. Studies have revealed that sorafenib treatment increases the expression of lncRNA-VLDLR in tumor cells, which subsequently leads to the release of EVs. Incubation of tumor cells with EVs containing lncRNA-VLDLR significantly reduces their sensitivity to sorafenib, confirming the involvement of exosomes in drug resistance (26).

Given the involvement of exosomes in various aspects of tumor behavior, exosomes loaded with specific functional molecules hold promise as an effective therapeutic strategy. For instance, Li et al. demonstrated that exosomes modified with Si-GRP78, which targets the oncogene GRP78, inhibit HCC cell proliferation and invasion while enhancing sensitivity to sorafenib treatment (27). These findings collectively suggest that exosome-mediated intercellular communication can be harnessed to develop innovative strategies for overcoming drug resistance in cancer treatment.






Cancer stem cell and sorafenib resistance of HCC

Cancer stem cells (CSCs) represent a distinct subset of tumor cells that possess stem cell-like properties, including self-renewal and the ability to differentiate (38). The presence of CSCs contributes to tumor heterogeneity, therapy resistance, and tumor recurrence (39). The origin of CSCs is a subject of ongoing debate. Some studies suggest that CSCs may arise from tissue stem cells, while others propose that they originate from dedifferentiation or cell fate transition of tumor cells (38). Emerging evidence indicates that the epithelial-mesenchymal transition (EMT) process plays a role in the generation of CSCs associated with drug resistance (39). In this review, we focus on the potential mechanisms underlying sorafenib resistance mediated by CSCs, taking into account the characteristics of EMT and tumor heterogeneity. Furthermore, we discuss how this knowledge may contribute to the development of novel therapeutic approaches to overcome sorafenib resistance in advanced HCC.




CSCs contribute to tumor heterogenicity

Hepatocellular carcinoma (HCC) exhibits high genomic and transcriptomic heterogeneity, contributing to its ability for unlimited proliferation, distant metastasis, and therapy resistance (40). This heterogeneity is driven by the self-renewal and differentiation capabilities of cancer stem cells (CSCs), which give rise to distinct subpopulations within the tumor with varying sensitivity to treatment (41). Single-cell RNA sequencing studies have revealed that CSC populations differ among HCC patients, underscoring the heterogeneity of CSCs (42, 43). Key transcription factors such as NANOG, SOX2, OCT4, KLF4, and c-MYC regulate the stemness features of CSCs, enabling tumors to sustain self-renewal (44). Various surface markers, including CD133, CD90, CD24, and CD44, are utilized to identify and isolate CSCs from the bulk tumor. CD133+ CSCs have been associated with increased drug resistance and tumor initiation potential (44).

Developmental signaling pathways, such as Hedgehog, Hippo, Notch, TGF-β, and Wnt/β-catenin, play crucial roles in regulating CSCs and driving tumor heterogeneity, therapy resistance, and cancer progression (45). For instance, Notch signaling components, including Notch and Jagged proteins, are significantly upregulated in CD133+ CSCs of HCC (46). Researchers have identified an expanding repertoire of biomarkers and driver genes involved in the activation of CSCs. Targeting these drivers may hold promise for eliminating CSCs and reversing therapeutic resistance in HCC. Recently, a research find the overexpression of SERPINA12 in hepatocellular carcinoma (HCC) is associated with aggressive clinical features and stemness characteristics. This upregulation is mediated by TCF7L2 binding to the SERPINA12 promoter, resulting in enhanced transcriptional activity (47). SERPINA12 interacts with GRP78, activating the AKT/GSK3β/β-catenin pathway and forming a positive feedback loop. In an immunocompetent HCC mouse model, intravenous administration of rAAV8-shSERPINA12 sensitized HCC cells to sorafenib and suppressed the cancer stem cell subset. Targeting SERPINA12 holds promise for improving sorafenib efficacy and inhibiting HCC stemness (47). Meanwhile, Luo et al. found that GLI1 editing promotes metabolic shift to oxidative phosphorylation (OXPHOS) to control stress and stem cell-like state through PINK1-Parkin-mediated mitophagy in HCC, thereby endowing it with unique metastatic and sola Fenil resistance (48).





CSCs undergo EMT

Indeed, the epithelial-mesenchymal transition (EMT) process plays a critical role in the regulation of cancer stem cell (CSC) features and contributes to tumor aggressiveness and therapy resistance. EMT is a complex cellular reprogramming process in which epithelial cells lose their differentiated characteristics and acquire mesenchymal traits (49). Tumor cells undergoing EMT exhibit enhanced migratory, invasive, and anti-apoptotic capabilities (50). Growing evidence suggests that EMT is closely intertwined with CSCs and influences their behavior (51).

During EMT, tumor cells can undergo a reversible transition to a mesenchymal phenotype, leading to the acquisition of CSC-like properties, such as increased metastatic potential and tumor-initiating capacity. For example, liver CSCs characterized by the expression of the RALY RNA binding protein like (RALYL) exhibit reversible EMT states and demonstrate enhanced metastasis and tumor initiation abilities (52). Poorly differentiated HCC with stem cell characteristics is strongly associated with an EMT phenotype, which is often associated with a lower response to chemotherapy and poorer survival outcomes (39).

Several studies have demonstrated that CSC enrichment and activation of EMT signaling pathways are associated with sorafenib resistance in HCC (53–55). Furthermore, the induction of EMT and CSC signaling has been identified as key mechanisms contributing to tumor recurrence in HCC patients treated with radiofrequency ablation (RFA) for local control of the disease (56, 57). Moreover, the researchers shed light on the presence of a small subset of quiescent stem-like cells within HCC cell populations, which exhibit intrinsic resistance to sorafenib. Through comprehensive investigations utilizing single-cell sequencing and in vitro experiments, the study provides compelling evidence elucidating the pivotal role of stemness and EMT in driving sorafenib resistance at the single-cell level. The findings underscore the importance of considering the unique characteristics of these quiescent stem-like cells and their association with EMT in the development of targeted therapeutic strategies to overcome sorafenib resistance in HCC (58). Understanding the intricate relationship between CSCs and EMT is crucial for the development of novel treatment approaches to overcome sorafenib resistance in HCC. By targeting the molecular pathways involved in CSCs and EMT, researchers may uncover potential therapeutic strategies to improve the outcomes of HCC patients and reduce tumor recurrence.






Conclusions

Indeed, the tumor microenvironment, including factors such as hypoxia, immune cells, stromal cells, and exosomes, plays a crucial role in promoting sorafenib resistance in HCC. Additionally, CSCs and EMT activation contribute to drug resistance, tumor metastasis, and relapse. In conclusion, future studies should focus on elucidating the correlation between the tumor microenvironment, cancer stemness, and sorafenib sensitivity, as well as identifying reliable biomarkers for predicting the response to sorafenib. Additionally, novel therapeutic methods targeting sorafenib-resistant HCC should be developed, considering the influence of the tumor microenvironment and CSC activation. By addressing these challenges, we can advance our understanding and develop effective strategies to overcome sorafenib resistance in HCC.
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Hepatocellular carcinoma (HCC) is the most common primary liver cancer and the fourth leading cause of cancer-related death worldwide. HCC often occurs in the setting of chronic liver disease or cirrhosis. Recent evidence has highlighted the importance of the immune microenvironment in the development and progression of HCC, as well as its role in the potential response to therapy. Liver disease such as viral hepatitis, alcohol induced liver disease, and non-alcoholic fatty liver disease is a major risk factor for the development of HCC and has been demonstrated to alter the immune microenvironment. Alterations in the immune microenvironment may markedly influence the response to different therapeutic strategies. As such, research has focused on understanding the complex relationship among tumor cells, immune cells, and the surrounding liver parenchyma to treat HCC more effectively. We herein review the immune microenvironment, as well as the relative effect of liver disease on the immune microenvironment. In addition, we review how changes in the immune microenvironment can lead to therapeutic resistance, as well as highlight future strategies aimed at developing the next-generation of therapies for HCC.
Keywords: Hepatocellular carcinoma (HCC), immune microenviroment, immune check inhibitor (ICI), liver disase, non-alcocholic fatty liver disease, cirrhosis, alcohol induced liver disease, viral heaptitis
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most common primary liver cancer and the fourth leading cause of cancer-related death worldwide (Forner et al., 2018). Chronic liver disease due to various etiologies such as viral hepatitis, alcohol induced liver disease (ALD), non-alcoholic fatty liver disease (NAFLD), and non-alcoholic steatohepatitis (NASH) is a major risk factor for the development of HCC (Llovet et al., 2016). The severity of the underlying liver disease is often a major factor in determining treatment strategy as it is often a driving factor related to therapeutic morbidity. To this point, patients with advanced tumors or severe underlying liver disease are often not candidates for curative treatment options and these patients are treated with locoregional or systemic therapies (Llovet et al., 2002; Maluccio et al., 2005; Maluccio et al., 2008; Raoul et al., 2019). Recently, there has been increased interest in the use of immune checkpoint inhibitors (ICIs) to treat patient with advanced HCC. To date, response rates and survival related to ICI treatment remain varied and often not durable. As such, there has been increased efforts to understand mechanisms of resistance to ICI therapy.
Recent evidence has highlighted the importance of the liver immune microenvironment in the development and progression of HCC, as well as the potential response to therapy. Research has focused on understanding the complex interactions among tumor cells, immune cells, and the liver tissue. Moreover, there is an emerging understanding as to how the immune microenvironment may change relative to different liver disease etiologies. In addition, there are ongoing efforts to investigate the effect of liver disease on the immune microenvironment, as well as to characterize the impact of liver disease on response to therapy. We herein review the liver immune microenvironment, as well as the impact of liver disease on the immune microenvironment. In addition, we review how changes in the immune microenvironment can lead to therapeutic resistance, as well as highlight future strategies aimed at developing the next-generation of therapies for HCC.
OVERVIEW OF THE LIVER IMMUNE MICROENVIRONMENT
The liver is naturally exposed to a large influx of antigens from the gastrointestinal tract. As such, the liver is uniquely immune tolerant having developed intrinsic tolerogenic mechanisms in the innate and adaptive immune responses (Figure 1). Thus, the liver protects itself from autoimmune damage secondary to large antigen presentation from the gastrointestinal tract (Jenne and Kubes, 2013; Brown et al., 2019). However, the liver also provides a unique proinflammatory microenvironment composed of Kupffer cells, antigen-presenting cells (APCs), T cells, and hepatic stellate cells (HSCs) (Stauffer et al., 2012; Agosti et al., 2018; Koo et al., 2020). During liver injury and disease states, a wide range of liver cells participate in a complex proinflammatory response that can result in hepatocyte death and disease progression (Figure 2). (Koo et al., 2020)
[image: Figure 1]FIGURE 1 | Mechanisms involved in hepatocellular carcinoma immune evasion. In physiological conditions, liver has the ability to induce immunotolerance against antigen from gastrointestinal tract. These mechanisms have a detrimental role during hepatocellular carcinoma development and progression. Upregulation of inhibitory programmed death-ligand 1 molecule from tumor cells, Kupffer cells, liver sinusoidal endothelial cells and antigen presenting cells, together with the release of interleukin-10 and transforming growth factor beta, lead to an exhausted phenotype of CD8+ cells and prevent tumor cells from immune damage. HCC: Hepatocellular carcinoma; PD-L1: Programmed death-ligand 1; CTL4A: Cytotoxic T lymphocyte antigen 4; PD-1: Programmed cell death protein 1; TGFβ: Transforming growth factor beta; IL-10: Interleukin-10. From: Polidoro et al. Tumor microenvironment in primary liver tumors: A challenging role of natural killer cells. World J Gastroenterol 2020. PMID 32952338.
[image: Figure 2]FIGURE 2 | Liver disease from various etiologies such as non-alcoholic fatty liver disease/non-alcoholic steatohepatitis, alcohol induced liver disease, viral hepatitis, and cirrhosis/fibrosis result in alterations in the tumor immune microenvironment subsequently leading to development and progression of hepatocellular carcinoma.
Innate immune system
In the liver, the innate immune system consists of multiple cell types that act as the first line of defense against pathogens. Kupffer cells (KC) are resident macrophages within the liver, which are in constant contact with antigens arriving to the liver from the gastrointestinal tract (Racanelli and Rehermann, 2006; Nakamoto and Kanai, 2014; Tacke, 2017). In turn, the KC serve as the first line of immune defense. Additionally, a large population of peripheral monocytes are often recruited to the liver. Kupffer cells can be distinguished from monocyte derived macrophages as KCs have low levels of CD11b and CCR2, and high F4/80 expression (Holt et al., 2008; Obstfeld et al., 2010; Stienstra et al., 2010). Furthermore, Bleriot et al. identified two distict populations of KCs which shared a core molecular signature while expressing different genes and proteins (Blériot et al., 2021). Similarly, macrophages exists in multiple subtypes such as the M1 phenotype with antitumor inflammatory reactions and the M2 phenotype characterized by tumor promoting capabilities with immune suppression (Liu et al., 2021).
Natural killer (NK) cells are another subset of the innate immune system that have cytolytic activity against stressed cells, virally infected cells, and malignant cells (Abul et al., 2007; Kahraman et al., 2010). Unlike CD8+ T-cells, which require costimulation for cytotoxic activity, NK cells have the unique ability to kill targeted cells without a need for secondary activation. Neutrophils, the most abundant population of circulating white blood cells, activate early phases of the inflammatory response in the innate immune system (Abul et al., 2007). Dendritic cells (DCs), a type of APC, are innate immune cells that present antigens to T-cells thus initiating the adaptive immune response (Abul et al., 2007).
Adaptive immune system
Recent evidence has highlighted the changes in the adaptive immune system in the immune microenvironment secondary to liver disease. T-cells are abundant in healthy livers and exist in several subsets: CD4+ helper T (Th) cells, CD8+ cytotoxic T cells, and regulatory T-cells (Tregs) (Ramadori et al., 2022). CD4+ T cells are essential for tumor control to prevent tumor initiation and facilitate clearance of premalignant and malignant cells (Rakhra et al., 2010; Kang et al., 2011; Heinrich et al., 2021). CD4+ T cells are often initiators of an anti-tumor response and are associated with a favorable response to immunotherapy. CD8+ cytotoxic T-cells are the main effector cells of the cellular immune system and eliminate infected or malignant cells through recognition of presented antigens (Van Herck et al., 2019). Additionally, there is a population of CD8+ tissue-resident memory (TRM) cells that reside in the liver and act as local immune sentinels (MacParland et al., 2018; Hirsova et al., 2021).
While CD4+ and CD8+ T cells promote an anti-tumor inflammatory response, Tregs are an immunosuppressive subset of CD4+ T-cells and are essential to maintain homeostasis and immune tolerance (Togashi et al., 2019; Wang et al., 2021). The accumulation of Tregs has been recognized as promoting immune evasion and hepatocarcinogenesis (Togashi et al., 2019; Wang et al., 2021). Natural killer T cells (NKT) are considered a bridge between innate and adaptive immunity via expression of NK cell surface markers as well as antigen receptor characteristics of T-cells (Abul et al., 2007; Arrese et al., 2016). NKT cells are located in the sinusoids of the liver to provide intravascular immune surveillance (Geissmann et al., 2005; Abul et al., 2007). NKT cells are both proinflammatory mediated through the type I NKT cell subtype, as well as immune suppressive protecting against liver injury via Type II NKT cells (Kumar, 2013).
INFLUENCE OF LIVER DISEASE ON THE HEPATIC IMMUNE MICROENVIRONMENT
Non-alcoholic fatty liver disease
Non-alcoholic fatty liver disease (NAFLD) and its severe form non-alcoholic steatohepatitis (NASH) are characterized by the accumulation of triglycerides within hepatocytes with approximately 10%–20% of patients progressing to cirrhosis (Cusi, 2012). NAFLD and NASH are a manifestation of metabolic syndrome, which is generally characterized as a constellation of type 2 diabetes mellitus, dyslipidemia, obesity, and cardiovascular disease (Cusi, 2012). In the United States, the prevalence of NASH is increasing and is becoming a significant risk factor for the development of HCC (Sheka et al., 2020).
NAFLD/NASH have multiple effects on the immune microenvironment. In the innate immune system, CCR2 macrophages are increased in the liver correlating with levels of CCL2 found in steatotic hepatocytes (Obstfeld et al., 2010; Stienstra et al., 2010). In preclinical studies, drugs targeting the CCL2/CCR2 axis impaired macrophage recruitment to the liver and reduced hepatosteatosis, inflammation, and fibrosis (Baeck et al., 2012; Lefebvre et al., 2016). In addition, there is often a large influx of neutrophils among patients with NASH (Feng et al., 2011). Myeloperoxidase (MPO) is used by neutrophils to create reactive oxygen species (ROS) in order to kill microbes. In patients with NASH, MPO is often increased suggesting that accumulation of MPO and ROS contribute to the development of NASH (Rensen et al., 2009). Neutrophils also exacerbate liver inflammation through the recruitment of macrophages and APCs (Arrese et al., 2016). Additionally, neutrophils release neutrophil extracellular traps (NETs), which are long chromatin fibers embedded with inflammatory proteins and neutrophil proteases (van der Windt et al., 2018; Wang et al., 2021). Preclinical studies suggest NET formation in the early stages NAFLD and increases with the progress to NASH (Wang et al., 2021).
Relative to the adaptive immune response, liver biopsies among patients with NASH have demonstrated increased infiltrating clusters of B cells and T cells that correlate with increased levels of oxidative stress-derived epitopes released from damaged hepatocytes (Garnelo et al., 2017; Sutti and Albano, 2020). Additionally, preclinical studies indicate ROS-dependent cell death of hepatic CD4+ T cells can occur leading to impaired anti-tumor surveillance (Ma et al., 2016; Brown et al., 2018). Furthermore, in early stages of NASH, there is an obesity-induced hepatic type I interferon (INF-1) response that has been associated with increased pathogenic CD8+ T-cell production of proinflammatory cytokines, which contributes to hepatocyte damage (Ghazarian et al., 2017). Of note, several investigators have reported improvement of NASH and restored hepatic insulin sensitivity and reduced fibrosis using experimental models with deletion of CD8+ T cells (Ghazarian et al., 2017; Van Herck et al., 2019). NKT cells also contribute to both the development and progression of NASH (Syn et al., 2010). Patients with NASH cirrhosis have four times as many NKT cells than individuals with healthy livers (Syn et al., 2012). Wolf et al. reported cross-talk between CD8 T-cells, NKT cells, and hepatocytes in the setting of NASH development and transition to HCC (Wolf et al., 2014). These investigators reported that experimental reduction of NKT cells, despite elevated CD8+ T cells, prevented liver damage. In turn, the data suggested that CD8 T-cells alone are not sufficient to cause liver damage in the absence of NKT cells (Wolf et al., 2014).
In addition to changes in pro-inflammatory cells within the immune microenvironment, alterations in immunosuppressive Tregs have been noted. In one experimental mouse model, Tregs were noted to be increased in NASH-livers with a lower concentration of CD4+ T cells (Wang et al., 2021). When Tregs were depleted, HCC initiation and progression of NASH was drastically inhibited (Wang et al., 2021). Furthermore, an imbalance between helper T cells and Tregs can promote progression of NAFLD along with higher expression of inflammatory cytokines (He et al., 2017; Zhang CY. et al., 2022).
Viral hepatitis
Viral hepatitis is the leading cause of HCC worldwide (D'Souza et al., 2020). Similar to NAFLD/NASH, chronic liver disease caused by viral hepatitis has an effect on the immune microenvironment. A study by DeBattista et al. demonstrated that hepatitis B viral (HBV) and hepatitis C virus (HCV) have distinct molecular signatures and immune landscapes within the liver (De Battista et al., 2021). For example, among patients with HBV-HCC, there was a lower proportion of differentially expressed genes related to the immune response, yet a higher number of upregulated genes versus patients with HCV-HCC. In addition, HCV-HCC was characterized by downregulation of immune genes within the tumor especially related to T-cells, as well as upregulation of oxidative stress genes (De Battista et al., 2021). In contrast, the molecular signature of HBV-HCC was characterized by the upregulation of genes related to cell cycle control and monocyte/macrophage activation (De Battista et al., 2021).
Non-viral related HCC and HBV-HCC immune microenvironment appear to be composed of distinct immune subsets. Lim et al. utilized cytometry by time of flight (CyTOF) to perform in-depth immunoprofiling and reported that the HBV-HCC immune microenvironment was more immunosuppressive and exhausted with increased Tregs and CD8+ resident memory T cells (Lim et al., 2019). Increased Treg were associated with a poor prognosis, while CD8+ resident memory T cells were associated with a favorable prognosis (Lim et al., 2019). In a separate study, Li et al. reported that patients with higher levels of Tregs in the peripheral blood and/or tumor sites had a worse prognosis (Li et al., 2016). In pre-clinical mouse models, depleting Tregs was potentially therapeutic for HBV-related liver diseases through induction of antiviral and antitumor immunity. In turn, the data suggested that Tregs play a role in the development of cirrhosis, the transformation of cirrhosis to HCC, and the progression and metastasis of HCC (Li et al., 2016). In yet another study, Zhang et al. demonstrated that HBV-HCC, HCV-HCC and non-viral HCC had similar molecular phenotypes with inhibition of immune pathways. In the immune microenvironment associated with virus induced HCC there was, however, excessive M2-type macrophage polarization associated with immune suppression (Zhang YZ. et al., 2022). Similarly, Ding et al. performed a meta-analysis of 1,520 patients and noted that infiltration of immune cells in the tumor microenvironment for viral associated HCC versus non-viral associated HCC differed relative to M0 macrophages, M2 macrophages, Tregs, naive B cells, follicular helper T cells, activated dendritic cells, activated mast cells, and plasma cells (Ding et al., 2021).
The influence of viral hepatitis on the development and progression of HCC is complex and may initially be benefitial recruiting immune cells to protect against HCC development (Zamor et al., 2017). Among patients with HCV, medications such as direct acting antivirals (DAAs) are used to eradicate the virus from infected individuals. Recent investigators have focused on the effect that DAAs may have on HCC tumorigenesis after eradication of viral hepatitis. Reports have described early occurance and recurrence of HCC in patients who where successfully treated with DAAs (Conti et al., 2016; Reig et al., 2016). With DAA therapies for HCV infection, it is common to see a sustained virological response (SVR). However, reactivation of HBV in patients with co-infection and development of HCC among patients who achieved SVR has been observed (Borgia et al., 2021). It has been hypothesized that changes occur in intrahepatic immune surveillance following a SVR. Amaddeo et al. evaluate changes in the immune microenvironment after HCV eradication by comparing patients with HCC treated with DAA who had a SVR versus untreated controls (Amaddeo et al., 2020). Interestingly, there was no difference in immune profiles between the two groups, but there was a down regulation of interferon related genes after DAA treatment (Amaddeo et al., 2020). More studies are required to understand the effect of DAAs on the immune microenvironment, as well as the pathogenesis of HCC development of HCC among patients with a SVR.
Cirrhosis/fibrosis
Most HCC tumors arise in the setting of chronic liver disease and liver cirrhosis/fibrosis, which has a dramatic effect on the immune microenvironment. Ke et al. investigated the role of liver fibrosis to regulate tumor-infiltrating lymphocytes (TILs) and induce immunosuppression (Ke et al., 2021). Among patients with HCC, high CD8+ T cell infiltration was correlated with prolonged survival (Ke et al., 2021). Indeed, in mouse models with CCl4-induced liver fibrosis, as well as fibrotic human livers, elevated expression of immune checkpoints and decreased antitumor immunity was noted versus the control group (Ke et al., 2021). In addition, compared with patients who had low fibrosis scores, patients with high fibrosis scores had a significant reduction in tumor-cell-killing capacity of NK cells (Amer et al., 2018). Furthermore, in preclinical studies, Brandt et al. investigated the chemokine CXCL10 during fibrosis-associated hepatocarcinogenesis (Brandt et al., 2022). Of note, mice with Cxcl10 deficiency exhibited attenuated hepatocarcinogenesis. When fibrosis was induced, there was a pro-inflammatory tumor microenvironment, an accumulation of anti-tumoral immune cells in the tissue, and an accumulation of anti-tumoral T cells in the invasive tumor margin (Brandt et al., 2022).
Alcohol induced liver disease
Alcohol induced liver disease remains a major risk factor for the development of HCC contributing to nearly 30% of cases (McKillop and Schrum, 2009; Akinyemiju et al., 2017). Alcohol induced liver disease is a spectrum encompassing fatty liver, alcoholic hepatitis, and cirrhosis (Singal et al., 2014; Jinjuvadia et al., 2015). With chronic alcohol consumption, there is induction of the enzyme CYP2E1 which becomes the primary pathway of alcohol metabolism rather than alcohol dehydrogenase (Lu and Cederbaum, 2008). As a result of altered metabolism, there is increased acetaldehyde which carries metagenic and carcinogenic properties (Brooks and Theruvathu, 2005; McKillop and Schrum, 2009). Alcohol consumption has also been shown to cause alterations in the gut microbiome with increased absorption of endotoxin leading to activation of KCs (Bajaj et al., 2014). This activation of KCs results in the release of inflammatory cytokines causing increased collagen deposition, scarring and ultimately fibrosis (Thurman, 1998; Bode and Bode, 2005; Nagata et al., 2007). Furthermore, preclinical studies suggest chronic alcohol consumption reduces Tregs and causes an increase in helper T cells (Chen et al., 2016). The molecular mechanisms and full impact of changes in immune subsets on the progression of alcoholic liver disease has not yet been fully elucidated (Zhang CY. et al., 2022).
IMMUNE CHECKPOINT INHIBITORS AND HCC
ICIs are now a therapeutic option for many malignancies and indications continue to expand (Le et al., 2015; Le et al., 2017; Eso et al., 2020). Inflammation plays a central role in the development of HCC as it drives carcinogenesis and therefore immunotherapies, including ICIs, have been proposed as part of an ideal treatment strategy for patients with HCC (Jenne and Kubes, 2013; Makarova-Rusher et al., 2015). With chronic antigen exposure, programmed cell death-1 (PD-1) is unregulated on immune cells including CD4+ and CD8+ T cells, NK cells, B cells, monocytes, DC, as well as immunosuppressive cells such as Tregs and myeloid-derived suppressor cells (MDSCs) (Prieto et al., 2015). When PD-1 binds with its ligand, PD-L1 and PD-L2, T cell receptor signaling is inhibited and thereby creates an exhausted dysfunctional T cell phenotype (Prieto et al., 2015) (Figure 3). Cancer cells have utilized this mechanism to form an immunosuppressive microenvironment allowing tumors cells to be unchecked by the immune system (Prieto et al., 2015). In addition, activation of T cells upregulates the immunosuppressive receptor, cytotoxic T lymphocyte associated protein-4 (CTLA-4). CTLA-4 acts as a check on the adaptive immune response by taking away the necessary costimulatory signal for T cell activation (Figure 3). CTLA-4 is present on activated T cells, DCs, and constitutively expressed on Tregs (Prieto et al., 2015; Inarrairaegui et al., 2017). Drugs targeting the PD-1/PD-L1 and CTLA-4/CD80/CD86 axes alone or in combination have been reported to be safe and effective among patients with advanced HCC (Figure 3). In addition, new and novel combination therapies are being tested (Table 1).
[image: Figure 3]FIGURE 3 | Under physiologic conditions, tumor antigens are recognized and presented to CD4+ T cells, which in turn further activate CD8+ T cells to initiate immune attack. T cell activation causes upregulation of CTLA-4 and PD-1 to prevent overactivation of the immune response. Immune checkpoint inhibitors block these inhibitory signals to increase the anti-tumor immune response. From: Brown ZJ et al. Safety, efficacy, and tolerability of immune checkpoint inhibitors in the treatment of hepatocellular carcinoma. Surgical Oncology June 2022. PMID 35395582.
TABLE 1 | Ongoing studies of combination therapies with immune checkpoint inhibitors for patients with hepatocellular carcinoma.
[image: Table 1]Atezolizumab
Atezolizumab is a PD-L1 inhibitor that is now standard first line therapy in combination with bevacizumab (atezo-bev) for patients with advanced HCC based on the IMbrave150 trial (Finn et al., 2020a). Among patients with advanced HCC, atezo-bev demonstrated a 12 month overall survival (OS) of 67.2% versus 54.6% for patients in the sorafenib cohort; median progression free survival (PFS) was 6.8 versus 4.3 months in the atezo-bev and sorafenib cohorts, respectively. Of note, this trial only included patients with preserved liver function and therefore may not be applicable to the large population of patients in which HCC arises in the setting of liver dysfunction. Real world retrospective studies have compared atezo-bev to sorafenib or lenvatinib among patients with advanced HCC and liver dysfunction (Kim et al., 2022; Hiraoka et al., 2023; Jost-Brinkmann et al., 2023; Lee et al., 2023). These studies have demonstrated a similar survival advantage in the atezo-bev cohort (Kim et al., 2022; Hiraoka et al., 2023; Jost-Brinkmann et al., 2023; Lee et al., 2023). Currently, the IMbrave050 trial is evaluating the efficacy of adjuvant atezo-bev versus surveillance among patients with resected or ablated HCC (NCT04102098).
Tremelimumab and durvalumab
Tremelimumab, a CTLA-4 inhibitor, has had limited efficacy as monotherapy in preliminary clinical trials; in turn, combination therapy with the PD-L1 inhibitor, durvalumab, has been investigated (Sangro et al., 2013). In a phase II randomized trial, patients with advanced HCC received various combinations of tremelimumab and durvalumab or either drug as monotherapy (Kelley et al., 2021). The greatest efficacy was noted among patients treated with a tremelimumab priming dose and 4 weeks of durvalumab, resulting in an ORR of 24% and median OS of 18 months (Abou-Alfa et al., 2022). The follow-up phase III HIMALAYA trial compared durvalumab monotherapy, sorafenib, or a priming dose of tremelimumab with weekly durvalumab among patients who were treatment naïve with advanced HCC (Abou-Alfa et al., 2022). This study demonstrated that combination tremelimumab/durvalumab resulted in a median OS of 16.4 months versus 13.8 months among patients in the sorafenib cohort. As a result of this trial, combination tremelimumab/durvalumab was approved for patients with unresectable HCC in the United States and Europe (Keam, 2023). There is currently an ongoing phase III trial (EMERALD-3, NCT05301842) for patients with locally advanced HCC not amenable to curative transplant, ablation, or surgery. Patients are randomized to receive either the combination of transarterial chemoembolization (TACE), durvalumab, and tremelimumab with or without lenvatinib versus TACE alone.
Nivolumab and ipilimumab
Nivolumab is a PD-1 inhibitor first approved as second-line therapy for HCC. The Checkmate 040 trial evaluated nivolumab among patients with advanced HCC (up to Child-Pugh B) who may or may not have been treated with sorafenib (Kudo et al., 2021). The median duration of response was 9.9 months with an ORR of 12% and disease control rate of 55%. Nivolumab had an acceptable safety profile, including patients with underlying liver disease. The Checkmate 459 trial compared nivolumab with sorafenib among patients with advanced HCC in the first line setting (Yau et al., 2022). While there was no significant difference in OS between the two treatment arms, the results are difficult to interpret because several patients crossed over to the nivolumab arm after progressing on sorafenib. Retrospective studies have demonstrated similar findings with no survival advantage seen with nivolumab over sorafenib (Chapin et al., 2023).
As single agent, nivolumab demonstrated no improvement is survival compared with sorafenib; the combination of nivolumab and ipilimumab (CTLA-4 inhibitor) was administered at different doses and intervals to patients with advanced HCC previously treated with sorafenib (Yau et al., 2022). At 24 months, the OS for the combination nivolumab/ipilimumab cohort was 40%. Currently, a phase II randomized trial evaluating neoadjuvant nivolumab versus nivolumab/ipilimumab for patients with resectable HCC is in process (NCT03222076). Pre-liminary data has demonstrated a median PFS of 19.5 months for the nivolumab/ipilimumab cohort versus 9.4 months in the nivolumab monotherapy cohort (Kaseb et al., 2022). Several other ongoing trials are investigating the use of ICIs in the neoadjuvant and adjuvant setting (NCT 03682276, NCT 03299946, Checkmate 9DX, NCT 03383458).
Pembrolizumab
Pembrolizumab is a PD-1 inhibitor and has had limited success in clinical trials as a single agent therapy for HCC (Zhu et al., 2018; Finn et al., 2020b). These data have resulted in other trials investigating the combination of pembrolizumab and lenvatinib (tyrosine kinase inhibitor), which has demonstrated a median PFS of 9.3 months and median OS of 22 months in phase I trial of patients with advanced HCC (Finn et al., 2020c). In a different study, Chen et al. reported on 170 treatment-naïve patients with unresectable HCC treated with the combination of pembrolizumab and lenvatinib with or without a hepatic artery infusion pump (HAIP) (Chen et al., 2021). Median OS was 17.7 months was in the HAIP/pembrolizumab/lenvatinib cohort versus 12.6 months among patients in the pembrolizumab/lenvatinib cohort (Chen et al., 2021). Currently, the LEAP-012 phase III randomized clinical trial is evaluating the use of TACE with or without pembrolizumab/lenvatinib for patients with intermediate stage HCC (NCT04246177).
Mechanisms of resistance and influence of the immune microenvironment
Although there has been success in treatment of patient with advanced HCC using ICIs, response rates remain variable, sometimes poor, and often not durable. Mechanisms of resistance to immune therapies are becoming increasingly understood and this information may lead to improvement in outcomes through better patient selection or more targeted combination therapies. In general, there are two types of resistance to ICIs: primary and secondary/acquired. Primary resistance is characterized by failure of the HCC tumor to respond initially to ICIs. As evidenced in clinical trials, ICIs are only effective in about 30%–40% of patients with HCC, likely due to primary resistance (De Lorenzo et al., 2022). There are several mechanisms of primary resistance. One theory is related to the tumor mutational burden (TMB). A high TMB results in more neoantigens and possibly increased immune recognition, thereby making the tumor more immunogenic. Data from several studies have compared patients with low versus high TMB, have noted improved OS with ICIs in the latter group of individuals (Rizvi et al., 2015; Van Allen et al., 2015; Hugo et al., 2016; Ang et al., 2019). Another mechanism of primary resistance is dysfunctional neo-antigen presentation either through acquired genetic mutations that alter antigen presentation or decrease neo-antigen expression (McGranahan et al., 2016; McGranahan et al., 2017; Chowell et al., 2018; Ichinokawa et al., 2019). HCC tumors often contain a high copy number alteration burden and commonly have chromosome instability leading to a loss of genes needed for antigen presentation (Bassaganyas et al., 2020). To support this theory, Haber et al. demonstrated that patients with HCC who had upregulation of MHC-II molecules and increased neo-antigen presentation had a better response to ICIs (Haber et al., 2023).
Recent efforts have focused on the impact of liver disease on the immune microenvironment and subsequent response to therapy. For example, in a subgroup analysis of patients from IMBrave150 that evaluated atezo-bev, the ORR among patients with NASH-related HCC was 27% versus 35% among patients with HCC due to other etiologies (Ducreux et al., 2021). Pre-clinical studies have demonstrated loss of CD4+ T-cells in association with NASH suggesting immunotherapy may be impaired in the setting of NASH related hepatic tumors. Additionally, steatohepatitis was noted to reduce the ability of immunotherapeutic agents thereby inhibiting hepatic tumor growth through reduction of tumor infiltration by CD4+ T cells and effector memory cells (Ma et al., 2016; Brown et al., 2018; Heinrich et al., 2021).
Secondary or acquired resistance is characterized by patients who have disease recurrence or progression after initially responding to ICIs (De Lorenzo et al., 2022). These mechanisms are poorly understood, but are likely driven by tumor heterogeneity. While PD-1/PD-L1 and CTLA-4 are the more commonly targeted immune checkpoints, other immune checkpoints exist and their presence in the immune microenvironment may impact response to therapy. Targeting additional immune checkpoints, like TIM-3 or LAG-3, using combination therapy may help overcome immune exhaustion and secondary resistance (Zhou et al., 2017). In addition, tumor heterogeneity often results in ICI-sensitive and ICI-resistant cells. In theory, these resistant cells can survive after ICI therapy and clone themselves to become the majority population within the tumor. This process may explain why some patients respond to ICIs, but then ultimately progress (Weiss and Sznol, 2021). Profiling the tumor and using combination therapy may allow us to overcome tumor heterogeneity.
Epigenetics regulate gene expression without altering the DNA sequence. Alterations of epigenomic drivers can promote cancer onset, progression, and influence response to chemotherapy (Hogg et al., 2020; Wu et al., 2021). A study by Wu et al. demonstrated that patients with high epigenetic related genes (ERGs) benefited more from ICIs whereas patients with low ERGs had more T cell dysfunction and subsequentlyless clinical benefit from ICIs (Wu et al., 2021). In addition, the use of next-generation sequencing (NGS) has been utilized to determine predictive and prognostic information. Using NGS, Harding et al. found that patients with HCC tumors harboring Wnt/CTNNB1 mutations were refractory to ICIs with an associated shorter disease control rate, PFS, and OS (Harding et al., 2019).
Liver transplantation (LT) is the preferred treatment strategy for patients with liver cirrhosis and HCC as LT treats both the malignancy, as well as the underlying liver disease (Brown et al., 2023). Traditional LT criteria limit the potential pool of candidates based on strict HCC size and number (Milan criteria: 1 tumor >5 cm; 3 or fewer > 3 cm) (Adam et al., 2018). More recent data have demonstrated that patients successfully down-staged to within Milan LT criteria have post-transplant results similar to patients who initially present within Milan criteria (Yao et al., 2015; Kardashian et al., 2020). While ICIs have changed the treatment paradigm for patients with HCC, ICIs have only been sparingly used in the field of LT due to the potentially fatal complication of allograft rejection (Takamoto et al., 2023). Of note, graft rejection has been reported to be as high as 45% when ICIs are given prior to LT, especially if ICIs are administered within 90 days of LT (Qiao et al., 2021; Schnickel et al., 2022). Other studies have reported using ICIs for downstaging prior to LT, noting it to be relatively safe with a rejection rate of approximately 25% (Tabrizian et al., 2021; Gu et al., 2023). Kuo et al. investigated the washout period between last ICI dose and LT and noted a 42 days washout period for atezolizumab, nivolumab, or pembrolizumab (Kuo et al., 2023).
Several studies have also reported using ICIs following LT to prevent tumor recurrence with a rejection rate of 18.5% (Gu et al., 2023). Interestingly, Rudolph et al. noted that receipt of ICIs 3 months prior to LT may be safer than post-LT ICI administration (Rudolph et al., 2023). A current clinical trial (NCT0518550) is investigating atezo/bev in combinaton with TACE prior to LT among patients with HCC beyond Milan Crietria. The goal of the study is to assess the possibility to downstage patients and not increase the risk of 1-year post-transplant rejection. More data are needed to define the role of ICIs among patient undergoing LT patients. In particular, the competing mechanisms of anti-rejection medications and ICIs on the immune microenviroment require further elucidation.
CONCLUSION
Immune checkpoint inhibitors have been adopted as first line therapy for patients with advanced HCC. However, response rates remain variable and a majority of patients do not receive clinical benefit from ICI therapy. Recent efforts have focused on mechanisms of resistance to understand better why patients fail to response to ICIs. The immune microenvironment is frequently altered by liver disease, which can influence patient response to ICI treatment. A better understanding of the influence liver disease has on the immune microenvironment combined with knowledge gained from NGS and epigenetic alterations may improve patient selection, as well as provide novel targeted therapies to improve tumor response. In particular, the ability to understand and successfully target escape pathways may lead to improved outcomes for patients with advanced HCC.
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Background

TAF1B (TATA Box Binding Protein (TBP)-Associated Factor) is an RNA polymerase regulating rDNA activity, stress response, and cell cycle. However, the function of TAF1B in the progression of hepatocellular carcinoma (HCC) is unknown.





Objective

In this study, we intended to characterize the crucial role and molecular mechanisms of TAF1B in modulating nucleolar stress in HCC.





Methods

We analyzed the differential expression and prognostic value of TAF1B in hepatocellular carcinoma based on The Cancer Genome Atlas (TCGA) database, tumor and paraneoplastic tissue samples from clinical hepatocellular carcinoma patients, and typical hepatocellular carcinoma. We detected cell proliferation and apoptosis by lentiviral knockdown of TAF1B expression levels in HepG2 and SMMC-7721 cells using clone formation, apoptosis, and Western blotting (WB) detection of apoptosis marker proteins. Simultaneously, we investigated the influence of TAF1B knockdown on the function of the pre-initiation complex (PIC) by WB, and co-immunoprecipitation (Co-IP) and chromatin immunoprecipitation (ChIP) assays verified the interaction between the complexes and the effect on rDNA activity. Immunofluorescence assays measured the expression of marker proteins of nucleolus stress, fluorescence in situ hybridization (FISH) assays checked the rDNA activity, and qRT-PCR assays tested the pre-rRNA levels. Regarding molecular mechanisms, we investigated the role of p53 and miR-101 in modulating nucleolar stress and apoptosis. Finally, the impact of TAF1B knockdown on tumor growth, apoptosis, and p53 expression was observed in xenograft tumors.





Result

We identified that TAF1B was highly expressed in hepatocellular carcinoma and associated with poor prognosis in HCC patients. TAF1B depletion modulated nucleolar stress and apoptosis in hepatocellular carcinoma cells through positive and negative feedback from p53-miR-101. RNA polymerase I transcription repression triggered post-transcriptional activation of miR-101 in a p53-dependent manner. In turn, miR-101 negatively feeds back through direct inhibition of the p53-mediated PARP pathway.





Conclusion

These findings broaden our comprehension of the function of TAF1B-mediated nucleolar stress in hepatocellular carcinoma and may offer new biomarkers for exploring prospective therapeutic targets in HCC.





Keywords: TAF1B, hepatocellular carcinoma, p53, nucleolar stress, RNA polymerase I, miR-101





Introduction

Hepatocellular carcinoma (HCC) remains a significant health challenge worldwide, and its incidence increases yearly (1, 2). In 2020, hepatocellular carcinoma was the third most common cause of cancer-related death and ranked sixth in incident cases (3). It is estimated that in 2030, more than 1 million patients will die from liver cancer annually (2). However, surgical resection and liver transplantation are the primary options for treating HCC. However, it is not indicated for patients with advanced HCC. In addition, tumor metastasis and recurrence are the main reasons for poor prognosis in HCC patients. Therefore, the treatment of HCC still needs novel therapeutic targets and regimens.

Ribosome biogenesis is a well-known feature of cell growth and proliferation (4). The nucleolus is a subnuclear compartment well recognized for its involvement in ribosome production. Ribosome biogenesis involves several processes, beginning with RNA polymerase I (Pol I) transcription and progressing through pre-rRNA processing and ribosomal assembly (5). Various cellular stressors that disrupt ribosome biogenesis will lead to nucleolar stress, and any error in the steps implicated in ribosome biosynthesis may lead to nucleolus stress, featuring modifications in nucleolus morphology and function (6, 7). In contrast, nucleolar volume increases in tumor cells, which stimulates the massive expansion of tumor cells by promoting ribosome biogenesis and reducing nucleolar stress (8). Some studies have indicated that nucleolus size may be available as a prognostic marker to determine tumor progression. In addition, nuclear ribosome biosynthesis has been demonstrated to facilitate cell cycle progression in breast cancer and glioblastoma (9). Suppression of ribosome biosynthesis activates the tumor suppressor protein p53 expression through the nucleolus stress response (10). These phenomena indicate that ribosome biosynthesis and nucleolar stress may be critical links in governing tumor progression.

We investigated the molecular function of TAF1B, a TBP-associated factor (TAF) that regulates ribosome biosynthesis. Our study identified a nucleolar stress disorder mediated by the Pol I transcriptional machinery and its transcriptional cofactors that facilitates hepatocellular carcinoma progression. Pol I has a low affinity for promoter sequence elements; proper recruitment at the promoter of the rDNA gene requires the assistance of specific transcription factors (11). The primary transcription co-factors of the pre-initiation complex (PIC) for Pol I in mammals are selectivity factor 1 (SL1), chromatin-bound upstream binding factor (UBF), and RRN3 (12, 13). In mammalian cells, Pol I transcription is dependent on SL1, which is a complex of TBP, TAF12, and at least four Pol I-specific TAFs: TAF1A (TAFI48), TAF1B (TAFI63), TAF1C (TAFI110), and TAF1D (TAFI41) (14). In addition, UBF binds throughout the rDNA in cells as a nucleolar scaffold protein and promotes the decondensation of rDNA chromatin (15). SL1 interacts cooperatively with UBF at the rDNA promoter through its TAF1A and TBP subunits. This stabilizes the association of UBF with the PIC and facilitates rDNA transcription (16). RRN3 interacts directly with Pol I and SL1 subunits TAF1B, TAF1C, and TAF1D. By tying Pol I to other essential promoter-binding factors and aiding polymerase recruitment to the PIC at the rDNA promoter, RRN3 is crucial in directing specific transcription initiation at rDNA genes (17). Genetic inactivation of PIC component RRN3 has been reported to lead to nucleolar disruption, cell cycle arrest, and apoptotic cell death (18).

Although SL-1 is required to initiate ribosomal RNA synthesis by RNA polymerase I, its function in cancers is not fully understood. In this study, we investigated the role of TAF1B, a key component of SL-1, in HCC. We observed that inhibition of TAF1B caused nucleolar stress and p53-mediated apoptosis. HCCs are susceptible to p53-mediated apoptosis, but depletion of TAF1B inhibits rRNA processing and ribosomal protein gene transcription. At a molecular level, we proved that impaired rRNA synthesis elicited a DNA damage response, and rDNA damage contributed to apoptosis in HCC. Our findings suggest that TAF1B might be a novel target for treating HCC.





Materials and methods




Patients and tissue samples

Tissue samples were gathered from patients with hepatocellular carcinoma who had undergone radical resection. Tumors and paired paracancerous tissues collected were used for Western blotting (WB) and immunohistochemical analysis. Each patient signed an informed consent form for sample collection.





Cell culture

HEK293T, L-02, and HCC cell lines (HepG2, SMMC-7721, Huh7, SK-Hep-1, Bel-7404, MHCC-97H, and Hep3b) were purchased from American Type Culture Collection (Manassas, VA, USA). L-02, HepG2, Huh7, SK-Hep-1, and Hep3b cell lines were cultured in Dulbecco’s Modified Eagle Medium (DMEM; #8120448, Thermo Fisher Scientific, Shanghai, China). SMMC-7721 and Bel-7404 were cultured in Roswell Park Memorial Institute (RPMI) 1640 medium (1640, #11875500, Thermo Fisher Scientific, Shanghai, China). HEK293T was cultured in Minimum Essential Medium (MEM; #11095072, Thermo Fisher Scientific, Shanghai, China). All cells were maintained in a medium supplemented with 10% fetal bovine serum (FBS; #10099, Gibco, Shanghai, China) in a humidified chamber with 5% CO2 at 37°C.





Lentivirus production and transduction

The method for lentivirus production and transduction was introduced previously. The oligos of shTAF1B RNAs (#1, #2, #3, #4, #5, and #6) were synthesized in Genewiz (Suzhou, China) and cloned in pLKO.1 lentiviral vector. The target sequences of shRNA are listed in Table 1. Specifically, shRNAs mixed along with the psPAX2 and pMD2.G plasmids were co-transfected into HEK293T cells with 80%–90% confluence in a six-well plate using Lipofectamine 3000 reagent (#L3000015, Thermo Fisher Scientific, Shanghai, China) to generate lentiviral particles for gene transduction. Twenty-four hours after transfection, virus-containing supernatants were collected and centrifuged at 300 g for 5 min to remove suspended HEK293T cells. The supernatants were mixed with polybrene at a final working concentration of 10 μg/mL to infect the target cells. At 48 h post-transduction, the target cells were selected with 10 μg/mL of puromycin for 2 days and then used for subsequent experiments. MiR-101 inhibitor (inhibit-miR-101), U6 primer, and miR-101 primer were purchased from GenePharma (Shanghai, China).


Table 1 | The targeting sequences of shRNA.







Immunohistochemical staining and TUNEL

For immunohistochemical staining, paraffin-embedded sections (4 μm thick) were deparaffinized with xylene, hydrated with decreasing concentrations of ethanol, processed in 10 mmol/L of citrate buffer (pH 6.0), and heated in a microwave oven for 15 min for antigen retrieval. Tissue sections were treated with 3% hydrogen peroxidase in phosphate-buffered saline (PBS) for 10 min to block endogenous peroxidase activity. Sections were blocked with 5% goat serum for 30 min and incubated with primary antibodies overnight at 4°C. Primary antibodies used for immunohistochemistry included anti-TAFIB (1:150, #PA5-112957) acquired from Thermo Fisher Scientific (Shanghai, China) and anti-p53 (1:500, #2524) obtained from Cell Signaling Technology (Danvers, MA, USA). MaxVision™ HRP-Polymer IHC Kit (MXB Biotechnologies, Fuzhou, China) developed the signal. Hematoxylin counterstained the nucleus. According to the manufacturer’s instructions, TUNEL staining uses a Colorimetric TUNEL Apoptosis Assay Kit (C1091, Beyotime, Shanghai, China). First, paraffin-embedded sections (4 μm thick) were deparaffinized with xylene and hydrated with decreasing ethanol concentrations. Then, 20 μg/mL of DNase-free proteinase K was added and incubated for 15–30 min at 20°C–37°C, rinsed with PBS, and incubated with 3% H2O2 in PBS for 20 min at room temperature. Biotin labeling solution was prepared and incubated with sections at 37°C for 60 min in the dark. Cells were rinsed with PBS and incubated with streptavidin–horseradish peroxidase (HRP) working solution and DAB color-developing solution. Next, sections were dehydrated with increasing concentrations of ethanol to xylene. Finally, tissue sections were observed with the microscope (DMEX30, Sunny Optical Technology, Zhejiang, China).





Colony formation assay

The shTAF1B lentivirus was transfected into HepG2 and SMMC-7721 cells, and the cells were inoculated in six-well plates (2,000/well) and incubated for 10 days. Cells were then immobilized in 4% paraformaldehyde for 15 min, washed three times with PBS, and stained with 1% crystal violet for 15 min. The colony counts were conducted using ImageJ software.





Apoptosis assay

Apoptotic cells were detected using the FITC Annexin V Apoptosis Detection Kit with PI (#640914, BioLegend, San Diego, CA, USA). The cells were harvested, washed with cold PBS, and re-suspended with cold 1× binding buffer, according to the manufacturer’s instructions. In a microcentrifuge tube, 100 µL of cell suspension was transferred and added with 5 µL of FITC Annexin V. Then, 10 µL of propidium iodide solution was added. The cells were gently vortexed and incubated for 15 min at room temperature (25°C) in the dark. Next, 400 µL of Annexin V Binding Buffer was added to each tube. At least 10,000 cells per sample were collected using an LSRFortessa Cell Analyzer (BD Biosciences, San Jose, CA, USA) and analyzed with FlowJo software (Ashland, OR, USA).





Western blotting

Cells were collected and lysed with 1× sodium dodecyl sulfate (SDS) buffer supplemented with phenylmethylsulfonyl fluoride (PMSF) and 1% phosphatase inhibitor (Beyotime), and then the protein content of different fractions was assayed using the bicinchoninic acid (BCA) method. The cell lysates were boiled for 10 min and centrifuged at 16,000 g for 10 min at 4°C to remove cellular debris. Equal amounts of proteins (25 μg) were separated on 10% SDS–polyacrylamide gel electrophoresis (SDS–PAGE) gels, transferred to polyvinylidene difluoride (PVDF) membranes (Millipore, Billerica, MA, USA), closed with 5% bovine serum albumin (BSA) for 1 h at room temperature, and incubated overnight at 4°C with primary antibodies. Primary antibodies, including anti-TAF1B (1:500, #PA5-112957) and anti-TAFID (1:1,000, #PA5-25509), were purchased from Thermo Fisher Scientific (Shanghai, China). Anti-Bcl-2 (1:1,000, #4223), anti-Bax (1:1,000, #5023), anti-Caspase-9 (1:1,000, #9502), anti-Cleaved-Caspase-9 (1:1,000, #7237), anti-Caspase-3 (1:1,000, #9662), anti-Cleaved-Caspase-3 (1:1,000, #9661), anti-Caspase-7 (1:1,000, #12827), anti-Cleaved-Caspase-7 (1:1,000, #8438), anti-p53 (1:1,000, #2524), and anti-PARP (1:1,000, #9542) were purchased from Cell Signaling Technology (Danvers, MA, USA). Anti-TAFI p48 (TAF1A) (1:500, #sc-393600) and anti-TAFI p110 (TAF1C) (1:500, #sc-374551) were purchased from Santa Cruz Biotechnology (Dallas, TX, USA). Anti-TAF12 (1:1500, #ab229487) and anti-TBP (1:800, #ab818) were purchased from Abcam (Cambridge, UK). The membranes were then blotted with HRP-conjugated secondary antibodies for 1 h at room temperature. Chemiluminescent signals were acquired using the Tanon 4200SF system (Tanon Biotechnology, Shanghai, China).





Co-immunoprecipitation

For co-immunoprecipitation, the cells were treated with Pierce™ Classic Magnetic IP/Co-IP Kit (#88804, Thermo Fisher Scientific, Shanghai, China). According to the manufacturer’s instructions, the cells were carefully removed and washed with cold PBS. Hard immunoprecipitation (IP) lysis was added to the cells and incubated on ice for 5 min with periodic mixing. Next, the lysates were transferred to a microcentrifuge tube and centrifuged at ~13,000 g for 10 min to pellet the cell debris. Cell lysates were combined with 5–10 μg of IP antibody per sample in a microcentrifuge tube and incubated overnight at 4°C to form the immune complex. The IP antibodies were as follows: anti-TAFI p48 (TAF1A) (1:200, #sc-393600), anti-RRN3 (1:100, #ab112052), and anti-UBF (1:200, #sc-13125). Then, pre-washed magnetic beads were added and incubated at room temperature for 1 h with mixing. The beads were collected with a magnetic stand and washed three times. Next, 100 μL of Elution Buffer was added to elute the immune complex. Finally, the samples were mixed with Lane Marker Sample Buffer and analyzed by Western blotting with indicated antibodies.





ChIP and ChIP-PCR

For chromatin immunoprecipitation (ChIP), the cells were treated with SimpleChIP® Enzymatic Chromatin IP Kit (Magnetic Beads) (#9003, Cell Signaling Technology, Danvers, MA, USA). First, the cells were treated with 1% formaldehyde for 10 min for chromatin crosslinking and subsequently with glycine for 5 min for neutralizing, according to the manufacturer’s instructions, and then washed with cold PBS and collected on ice. Acquired chromatin was precipitated with the indicated antibody at 4°C overnight. The antibodies were as follows: anti-POLR1A (1:50, #24799), anti-TAFI p48 (TAF1A) (1:30, #sc-393600), and anti-TBP (10 µg for 25 µg of chromatin, #ab818). Immunoprecipitated products were collected after incubation the next day. The beads were washed, and bound chromatin was eluted and centrifuged. Chromatin was then digested with RNase and proteinase K. After DNA purification, the binding site was evaluated using qPCR with Roche LightCycler® 480 Quantitative PCR System (Indianapolis, IN, USA). The qRT-PCR primers are listed in Table 2.


Table 2 | Sequence of primers used for ChIP-qPCR.







Immunofluorescence and FISH

The cells were fixed in a 4% paraformaldehyde suspension for immunofluorescence and spun onto slides. Then, they were permeabilized with 0.5% PBS-Triton X-100 for 10 min and blocked with 5% goat serum for 1 h. Next, the slides were incubated overnight with indicated antibodies at 4°C followed by the appropriate secondary antibody, either 488 conjugated goat anti-mouse IgG (ab150120, Abcam, Cambridge, UK) or 594 conjugated goat anti-mouse IgG (ab150077, Abcam, Cambridge, UK). The primary antibodies were as follows: anti-fibrillarin (1:100, #ab5821) and anti-nucleophosmin (1:200, #ab10530). For fluorescence in situ hybridization (FISH), the cells were treated with the RNA FISH Probe Kit (GenePharma, Shanghai, China). First, they were fixed in a 4% paraformaldehyde suspension and spun onto slides, according to the manufacturer’s instructions, and 100 μL 0.1% Buffer A was added and incubated for 15 min at room temperature. Buffer A was removed and washed twice with PBS; 100 μL of 2× Buffer C was added and incubated for 30 min at 37°C. The probe mixture was prepared, and Buffer C was discarded. Then, 100 μL of the denatured probe mixture was added and set overnight at 37°C for hybridization in a dark place. Next, the probe mixture was removed, and 100 μL of 0.1% Buffer F was added and washed for 5 min. Subsequently, 2× and 1× Buffer C were added. The slides were mounted in Antifade Reagent with DAPI (#8961, Cell Signaling Technology, Danvers, MA, USA) and underwent microscopy. Quantitation was performed using ImageJ software (National Institutes of Health, Bethesda, MD, USA).





Real-time PCR

The total RNA was extracted using TRIzol reagent (#DP424, Tiangen Biotech, Beijing, China), according to the manufacturer’s instructions. Purified RNA was reverse transcribed to cDNA using PrimeScript™ RT Master Mix (#RR036A, Takara Biomedical Technology, Beijing, China). qRT-PCR was then performed using SGExcelFast SYBR Mixture (#B532955-0005, Sangon Biotech, Shanghai, China) following standard reaction conditions on Roche LightCycler® 480 Quantitative PCR System (Indianapolis, IN, USA). The relative expression of target RNA was calculated using the 2−ΔΔCt method and normalized by the housekeeping gene β-actin level. The qRT-PCR primers are listed in Table 3.


Table 3 | Sequence of primers used for qRT-PCR.







Tumor xenograft

SMMC-7721 cells (3 × 106 cells/mouse) or SMMC-7721 cells transduced with lentivirus containing shRNA targeting TAF1B were mixed with 100 μL of serum-free culture medium and subcutaneously injected into the nude mice. Tumor size was measured every 5 days using a digital caliper. Tumor volume was calculated using the following formula: tumor volume = (Width2 × Length)/2. The mice were euthanized until the most considerable tumor volume was over 800 mm3. The tumor burdens were weighed and processed for further evaluation.





Bioinformatic analysis

The TAF1B in human patient samples was analyzed using the web-based tool Gene Expression Profiling Interactive Analysis (GEPIA; http://gepia.cancer-pku.cn) using The Cancer Genome Atlas (TCGA) data. Overall survival (OS) and disease-free survival (DFS) were plotted using the Kaplan–Meier survival analysis. The group cutoff was set as Cutoff-High (%) = 50% and Cutoff-Low (%) = 50%, the confidence interval was 95%, and data were considered statistically different if log-rank p-value <0.05. The correlation was calculated using Pearson’s correlation coefficient. p < 0.05 was considered significant.





Statistical analysis

Statistical analyses were performed using IBM SPSS Statistics 26 software (Armonk, NY, USA) and GraphPad Prism 9.1. Values were calculated using Student’s two-tailed t-test or two-way ANOVA. The p-values were expressed as follows: *p < 0.05; **p < 0.01; n.s., no significance.






Results




TAF1B is overexpressed in HCC and is associated with worse clinical outcome

First, Western blotting detected TAF1B expression in normal human liver cells (L-02) and HCC cell lines (HepG2, SMMC-7721, Huh7, SK-Hep-1, Bel-7404, MHCC-97H, and Hep3B). We found that the expression of TAF1B protein was significantly increased in HCC cell lines compared to L-02 cell lines (Figure 1A). We examined the expression of TAF1B in four HCC patients by immunohistochemistry staining. The results indicated a significant increase in TAF1B staining intensity in tumor tissues compared to paracancerous tissues (Figure 1B). Furthermore, we analyzed the correlation between TAF1B expression and the clinical outcome of HCC patients. We found that high expression of TAF1B not only shortened the overall survival but also reduced the disease-free survival in HCC patients (Figures 1C, D).




Figure 1 | TAF1B overexpression is substantially related to poor survival and clinical outcomes in HCC. (A) TAF1B was highly expressed in HCC cell lines than in L-02 cell lines by WB assays (n = 3). (B) TAF1B expression in the cancerous tissue and paracancerous tissues from HCC patients. Scale bar, 200 µm. (C, D) The analysis of overall survival and disease-free survival of HCC patients stratified by TAF1B expression in TCGA. Data are shown as means ± SD (n = 3). **p < 0.01. HCC, hepatocellular carcinoma; WB, Western blotting; TCGA, The Cancer Genome Atlas.







Depletion of TAF1B induces apoptotic cell death in HCC

Next, we investigated whether TAF1B is crucial for the survival of hepatocellular cancer cells. To inhibit the expression of TAF1B, we tested several shRNA targeting TAF1B and finally chose #2 and #6 with the best knockdown efficiency for subsequent experiments (Figures 2A, S1). As shown in Figure 2B, the colony formation experiments noted that knockdown TAF1B significantly reduced the cell population in HepG2 and SMMC-7721 cells. To further characterize the effect of TAF1B on HCC cells, we examined cell apoptosis. Flow cytometry analysis showed that depletion of TAF1B induced prominent cell apoptosis revealed by counting the Annexin V-positive cells (Figure 2C). Then, we examined the marker proteins involved in cell apoptosis, and WB experiments revealed that TAF1B depletion significantly downregulated BCL-2 expression and upregulated BAX, cleaved-CASP9/CASP9, cleaved-CASP3/CASP3, and cleaved-CASP7/CASP7 in HepG2 and SMMC-7721 cells (Figure 2D). These discoveries suggested that TAF1B depletion effectively inhibited the viability of hepatocellular carcinoma cells and significantly promoted apoptosis.




Figure 2 | Knockdown of TAF1B induces apoptotic cell death in HCC. HepG2 and SMMC-7721 cells were transduced with lentiviruses expressing either control (scramble) or shRNAs (#2 and #6) targeting TAF1B. (A) The efficiency of shRNA mediated knockdown of TAF1B in HepG2 and SMMC-7721 cells. (B) Clone formation assay detected cell proliferation after the knockdown of TAF1B in HepG2 and SMMC-7721 cells. The representative images were taken 3 days after transduction. Scale bar, 100 µm. (C) The apoptosis of HCC cells was analyzed by flow cytometry. Right, the population of apoptotic cells was calculated as Annexin V-positive cells. (D) Western blotting analysis of signaling cascade (BCL-2, BAX, CASP9, cleaved-CASP9, CASP3, cleaved-CASP3, CASP7, and cleaved-CASP7) involved in apoptotic cell death. Cell lysates were collected 3 days after transduction. The band intensity was calculated by ImageJ software and marked. Scr, scramble; #2, shTAF1B#2; #6, shTAF1B#6. Data are shown as means ± SD (n = 3). **p < 0.01. HCC, hepatocellular carcinoma.







TAF1B deficiency represses the transcriptional function of RNA polymerase I

As mentioned above, the PIC, which consists of SL-1, RRN3, and UBF, was reported to be crucial for cell survival (18). Given that TAF1B is a component of SL-1, we hypothesized that TAF1B depletion caused cell death by influencing the PIC’s function. We examined the abundance and the interaction of the major components of the PIC. The results showed that the protein levels of TAF1A, TAF1C, TAF1D, TAF12, and TBP were not changed after TAF1B knockdown by WB assays (Figure 3A). However, the results of co-immunoprecipitation (Co-IP) experiments demonstrated that TAF1A would no longer bind to UBF. In contrast, the binding between TAF1A and RRN3 did not change significantly when TAF1B was removed (Figure 3B). Upon TAF1B depletion, not only the interaction among these protein components of PIC was impaired, but the binding of PIC TAF1A with the rDNA promoter was also diminished as revealed by ChIP assays (Figure 3C). Moreover, we found that the binding of Pol Iα (POLR1A), the large unit of Pol I, with rDNA was prominently attenuated after TAF1B inhibition. Nevertheless, the binding of TBP to rDNA was not significantly changed (Figure 3D). These observations suggested that the lack of TAF1B impaired the transcription function of Pol I in HCC cells.




Figure 3 | Depletion of TAF1B impairs the transcriptional function of RNA polymerase I HepG2 cells were transduced with lentiviruses expressing scramble or TAF1B shRNA#6. The cell lysates were collected 3 days after transduction. (A) The abundance of the components of the SL-1 complex was examined by Western blotting. (B) TAF1A-specific antibody was used to immunoprecipitate endogenous TAF1A from HepG2 cell lysates with indicated treatment. The binding of RRN3 and UBF with TAF1A was examined by Western blotting. (C, D) The binding of TAF1A, TBP, and RNA polymerase Iα to the rDNA promoter was analyzed by ChIP-qPCR. The positions of amplification primers were indicated numerically. Data are shown as means ± SD (n = 3). *p < 0.05; **p < 0.01; n.s,, no significance; ChIP, chromatin immunoprecipitation.







TAF1B repression causes nucleolus stress and decreases the expression of pre-rRNA

Reduced ribosome synthesis due to weakened Pol I transcriptional action ultimately causes nucleolar stress. The disturbance of nucleolar structure and changes in nucleolar protein distribution and dynamics are biological hallmarks of rRNA transcription block (6).

Fibrillarin (FBL) and nucleophosmin (NPM) are the primary nucleolar proteins in the stage of proliferating eukaryotic cells and play a significant role in nucleolar stress. When nucleolar stress occurs, the expression levels of these FBL and NPM increase with a transfer of proteins from the nucleus to the cytoplasm. Consistent with this, we discovered in immunofluorescence assays that TAF1B knockdown caused nucleolar structure segregation and changed nucleolar protein localization, including nucleolus fusion and a decrease of FBL staining (Figure 4A), and the translocation of granular component proteins NPM to nucleoplasm (Figure 4B). In addition, FISH tests revealed a decrease in rDNA transcription when TAF1B was depleted in HepG2 cells compared to the negative control (Figures 4C, D). Also, the expression of pre-rRNA mRNA was reduced in TAF1B-depleted HepG2 cells due to the decreased Pol I transcription rate (Figure 4E). These data suggested that TAF1B knockdown resulted in nucleolar stress in HepG2 cells.




Figure 4 | Suppression of TAF1B induces a nucleolar stress response. HepG2 cells were transduced with lentiviruses expressing scramble or TAF1B shRNAs. The cells were fixed and stained by indicated antibodies 3 days after transduction. (A, B) Knockdown of TAF1B induced redistribution of fibrillarin (FBL) and nucleophosmin (NPM). Scale bar, 10 µm. (C) The representative images of the fluorescence in situ hybridization (FISH) for rDNA with DAPI counterstain. Scale bar, 10 µm. (D) Quantitation of FISH (C); rDNA area expressed as a percentage of nuclear (DAPI) area (n = 8). (E) The expression of pre-rRNA mRNA was determined by qRT-PCR (n = 3). Data are shown as means ± SD. *p < 0.05; **p < 0.01.







Depletion of TAF1B activates the nucleolar surveillance pathway and induces p53-dependent apoptotic cell death of HCC

Numerous studies have shown a strong relationship between p53 activation and nucleolar stress (6). After nucleolar stress, ribosomal proteins are released from the nucleolus and intracellular accumulation of p53 (19). We found that the knockdown of TAF1B increased the expression of p53 protein in HCC cells (Figure 5A). To explore whether the nucleolar stress and its associated cell apoptosis are p53-dependent, we inhibited p53 in TAF1B-depleted HepG2 cells. As shown in Figures 5B, C, suppression of p53 did not substantially reduce the nucleolar stress induced by TAF1B depletion, indicated by the nucleolar distribution of FBL protein and pre-rRNA expression. These findings showed that in the case of TAF1B knockdown, p53 activation is a subsequent effect of nucleolar stress. Hence, inhibiting p53 does not appreciably reduce nucleolar stress. The examination of cell apoptosis provided further evidence. Suppression of p53 reduced cleavage of caspase-3 in TAF1B-deficient HepG2 and SMMC-7721 cells (Figure 5D). Moreover, the proportion of Annexin V-positive cells examined by flow cytometric analysis was decreased after p53 inhibition in TAF1B-deficient HepG2 and SMMC-7721 cells (Figure 5E), suggesting repression of p53 protected cell from apoptosis caused by TAF1B deprivation.




Figure 5 | Lack of TAF1B induces p53-dependent apoptotic cell death in HCC. (A) The expression of the p53 protein was examined by Western blotting after TAF1B knockdown in HepG2 cells. The cell lysates were collected 3 days after the transduction of TAF1B shRNA. (B) Nucleolar stress was shown by FBL distribution. HepG2 cells with indicated manipulation were fixed and stained 3 days after transduction with TAF1B and p53 shRNAs. Representative images are shown. Scale bar, 10 µm. (C) The production of pre-rRNA was determined by qRT-PCR (n = 3). (D, E) Cell apoptosis was examined by WB assays and flow cytometry after Annexin V/PI co-staining. Data are shown as means ± SD (n = 3). *p < 0.05; **p < 0.01; n.s., no significance. HCC, hepatocellular carcinoma; FBL, fibrillarin; WB, Western blotting.







MiR-101 is involved in TAF1B deprivation-induced p53 increase and cell apoptosis

It is reported that the activation of miR-101 expression in the p53-miR-101 circuit by inhibiting RNA polymerase I regulates the late stage of nucleolar stress (20). We found that the overall expression level of miR-101 was lower in hepatocellular carcinoma samples than in non-tumor liver tissues through the analysis of TCGA database (Figure 6A). Knockdown of TAF1B increased the expression of miR-101 in cultured HepG2 cells (Figure 6B). Furthermore, the elevation of miR-101 was p53-dependent, as inhibition of p53 by shRNA abolished TAF1B depletion-induced miR-101 increase by qRT-PCR assays (Figure 6C). Accumulation of p53 and enhanced PARP cleavage were detected in cells expressing miR-101 during nucleolar stress, synergistically regulating ribosome biogenesis. Our findings further affirmed that suppression of miR-101 reduced the abundance of p53 and cleaved-PARP proteins (Figure 6D). Similar to the observation of p53 inhibition in TAF1B-deficient cells, the treatment of miR-101 did not attenuate nucleolar stress revealed by nucleoplasmic translocation of NPM (Figure 6E) but reduced cell apoptosis indicated by Annexin V-PI staining (Figure 6F).




Figure 6 | MiR-101 is involved in the induction of nucleolar stress after TAF1B knockdown. (A) Expression levels of miR-101 in HCC and non-cancerous liver tissues were determined in the NCI cohort. The miRNA-Seq data were downloaded from The Cancer Genome Atlas (TCGA) Genomic Data Commons (GDC) portal (https://portal.gdc.cancer.gov/repository) and analyzed using RStudio. NT, non-tumor; T, tumor. (B) The expression levels of miR-101 in cultured HepG2 cells 48 or 72 h after transduction of shTAF1B-expressing lentiviruses (n = 3). (C) qRT-PCR examined the expression of miR-101. As denoted, HepG2 cells were transduced with scramble or shTAF1B#6 plus shp53. RNA was collected 3 days after transduction. (D) Inhibition of miR-101 alleviated the increase of the protein levels of p53 and cleaved PARP after TAF1B knockdown. (E) The immunofluorescence staining of nucleophosmin (NPM) of HepG2 after miR-101 inhibitor treatment. Scale bar, 10 µm. (F) Flow cytometry analyzed the apoptotic cell death of HepG2 cells transduced with shTAF1B#6 after treatment with miR-101 inhibitor. The percentages of Annexin V-positive cells were calculated (n = 3). Scr, scramble; #6, shTAF1B#6. Data are shown as means ± SD. *p < 0.05; **p < 0.01; n.s., no significance; HCC, hepatocellular carcinoma.







Knockdown of TAF1B promotes hepatocellular apoptotic cell death in vivo

Finally, we examined the effect of TAF1B inhibition on tumor development in vivo. We inoculated SMMC-7721 cells expressing scramble or TAF1B shRNA into nude mice. As shown in Figure 7A, the knockdown of TAF1B significantly reduced the growth of SMMC-7721 cell-derived tumors. In addition, the size and weight of the tumors formed by the tumor cells lacking TAF1B were considerably decreased (Figure 7B). Immunostaining and TUNEL assay showed that the expression of p53 and apoptotic cell death significantly increased in TAF1B-depleted tumors (Figures 7C, D).




Figure 7 | Depletion of TAF1B inhibits HCC tumor growth in vivo. The nude mice were randomly divided into two groups. SMMC-7721 cells (3 × 106 cells/mouse) were implanted into the armpits of the mice. (A) Tumor growth of SMMC-7721 cells expressing scramble or TAF1B shRNA (n = 5). Tumor size was measured every 5 days. (B) Representative image of tumor-burden mice. The image of tumors dissected from tumor-burden mice (left). The measurement of weight of dissected tumors (right) (n = 5). (C) The representative images of p53 immunochemical staining in the tumors derived from SMMC-7721 cells (left). Scale bar, 25 µm. Right, quantitation of staining intensity of p53 IHC staining (n = 5). (D) TUNEL staining of SMMC-7721-derived tumor. Left, representative images; right, quantitation of TUNEL-positive cells (n = 5). Data are shown as means ± SD. **p < 0.01. HCC, hepatocellular carcinoma; IHC, immunohistochemistry.








Discussion

Ribosome biogenesis is a well-known feature of cell development and proliferation. It has lately emerged as an effective cancer therapeutic target. The first critical step in ribosome biogenesis is rRNA transcription by Pol I. As a result, medicines that preferentially target Pol I transcription are emerging as a novel class of anticancer therapeutics. Some selective Pol I inhibitors have shown potential therapeutic benefits. CX-3543, for example, has broad anti-proliferative and apoptotic effects on cancer cells and displayed remarkable anti-tumor growth capabilities in breast and pancreatic cancer xenograft models (21). Surprisingly, the following generation of CX-3543, that is, CX-5461, demonstrated efficacy in human cancer cells with overloaded ribosomal biogenesis compared to normal cells (22, 23). According to our findings of the significant high expression of TAF1B in hepatocellular carcinoma tissues and its poor prognosis, we conclude that targeting TAF1B may give another method of treating malignancies by interfering with the transcriptional activity of Pol I.

TAF1B is a TFIIB-like component of the basal transcription machinery for RNA polymerase I (24). It has been reported to be positioned in the RNAP1-PIC, similar to TFIIB in the RNAP2-PIC (14). Disruption of TAF1B by RNA interference reduced rRNA synthesis, leading to decreased ovarian germline stem cell proliferation in Drosophila (25). However, investigations of TAF1B in human diseases are scarce. Similar to a previous study, we observed reduced rRNA production in HCC cells after TAF1B inhibition, suggesting its conserved function in evolution. Clone formation and apoptosis assays revealed that inhibition of TAF1B expression in HCC significantly repressed cell proliferation and promoted cell apoptosis. Considering the crucial function of TAF1B in Pol I transcription, we checked the main transcriptional cofactors of PIC. We discovered that TAF1B depletion mainly affected the binding interaction between TAF1A and UBF to regulate rDNA activity, thus promoting HCC death. Immunofluorescence experiments further confirmed our conjecture that FBL and NPM were transferred from the nucleus to the cytoplasm in TAF1B-depleted HCC, symbolizing nucleolar stress activation.

The p53 tumor suppressor protein is an integration point in response to various cellular stresses. Activating p53 can promote transcription of p21, leading to G1/S growth arrest or BAX-inducing apoptotic cell death (26). Nucleolar stress can provoke cell cycle arrest or apoptosis via p53-dependent and p53-independent signaling pathways. During nucleolar oxidation, NPM undergoes S-glutathionylation on cysteine 275. It triggers the dissociation of NPM from nucleolar nucleic acids and promotes NPM binding to HDM2 (27), which blocks the E3 ligase activity of HDM2 and induces p53 accumulation. c-Myc, E2Fs, and SP1 are the major non-p53 TFs that respond to ribosomal stress (6). Under impaired rRNA biosynthesis, free ribosomal proteins RPL5 and RPL11 can form a complex with c-Myc mRNA and recruit microRNAs to repress c-Myc expression, leading to inhibition of cell proliferation through suppression of c-Myc and its target gene expression (28). In this study, we observed that cell apoptosis induced by TAF1B deprivation was p53-dependent. Inhibition of p53 indeed improved TAF1B-induced cell apoptosis, while nucleolar stress was not attenuated, emphasizing that the activation of p53 was triggered by nucleolar stress. Although most activation of the nucleolar stress response relies on p53 activity, some p53 knockout cells induce DNA damage or replication and ribosomal stress in a checkpoint kinase 1 (Chk1) phosphorylation-dependent manner, effectively reducing the proliferation of cancer cells (29). Thus, cell cycle arrest can occur even in the absence of p53.

Various stresses change the biogenesis, modification, and function of miRNAs. However, the investigation of the role of miRNA in nucleolar stress is rare. Our results demonstrated that nucleolus stress was implicated in miR-101 activation and that nucleolus stress-induced miR-101 biogenesis was mediated at the post-transcriptional level. This is consistent with the study of Naoto Tsuchiya et al. (20) that the p53-dependent modulation of miR-101 biogenesis occurs only in the context of nucleolus stress. Meanwhile, our study found that miR-101 was involved in TAF1B depletion-induced p53 accumulation. Inhibition of miR-101 decreased the accumulation of p53. Interestingly, p53 inhibition abolished the enhanced miR-101 expression under TAF1B knockdown. Similar to p53, inhibition of miR-101 moderately attenuated apoptotic cell death but did not improve nucleolar stress, suggesting that both p53 and miR-101 were downstream effectors of the nucleolar stress response pathway.

Taken together, we found TAF1B was crucial for Pol I function and the cancer progression in HCC. Inhibition of TAF1B caused significant nucleolar stress and apoptotic cell death. The activation of the p53-miR-101 circuit was involved in TAF1B-induced cell apoptosis. Targeting TAF1B may serve as a novel approach for HCC treatment.
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Background

Intrahepatic cholangiocarcinoma (ICC) is a highly aggressive primary liver cancer, with increasing incidence worldwide. Effective first-line treatments for advanced ICC patients are currently limited. Therefore, our study aimed to assess the efficacy and safety of programmed death-1 (PD-1)/programmed death-ligand 1 (PD-L1) inhibitors in combination with gemcitabine/cisplatin (GC) and lenvatinib as first-line treatment in advanced ICC patients.





Methods

This retrospective cohort study included 51 advanced ICC patients, among whom 25 patients were administered with PD-1/PD-L1 plus lenvatinib and 26 patients were administered with PD-1/PD-L1 plus GC. Baseline characteristics including demographic information, medical history, clinical characteristics, laboratory data, and imaging examination were collected. The primary endpoints were progression-free survival (PFS) and sixth- and ninth-month overall survival (OS) rate. Survival curve was plotted by the Kaplan–Meier method. A Cox proportion risk model was performed to investigate independent risk factors of PFS and OS. The secondary outcomes were objective response rate (ORR), disease control rate (DCR), and adverse events.





Results

The median age of advanced ICC patients in our study was 58.0 (95% confidence interval [95% CI] = 48.0–72.4) years, with 33 male and 18 female patients. Patients in the PD-1/PD-L1 inhibitors plus lenvatinib group were more likely to be in ECOG grade above 1, develop ascites, and have an elevated level of ALT. The ORR was 16.0% in the PD-1/PD-L1 inhibitors plus lenvatinib group and 23.1% in the GC group (p = 0.777). The DCR was 52.0% in the lenvatinib group and 46.2% in the GC group (p = 0.676). The combination treatment of PD-1/PD-L1 inhibitors plus lenvatinib was associated with longer PFS than the GC group; however, it was not statistically significant (lenvatinib: 9.5 months, GC: 5.1 months, p = 0.454). The sixth-month and ninth-month OS rates were 82.0% and 76.9% in the lenvatinib group and 87.4% and 71.5% in the GC group. After adjusting for confounders, multivariate Cox regression analysis showed that ECOG grade above 1 was an independent risk factor for PFS (hazard ratio [HR] = 3.388, 95% CI = 1.312–8.746, p = 0.012) and OS (HR = 4.220, 95% CI = 1.131–15.742, p = 0.032).





Conclusion

PD-1/PD-L1 inhibitors in combination with lenvatinib or GC all demonstrated significant efficacy and safety as first-line treatment in patients with advanced ICC. As for patients who refuse or are intolerant to chemotherapy, PD-1/PD-L1 plus lenvatinib would be recommended.





Keywords: intrahepatic cholangiocarcinoma, PD-1/L1, lenvatinib, gemcitabine plus cisplatin, advanced cancer




1 Introduction

Intrahepatic cholangiocarcinoma (ICC), derived from intrahepatic bile duct, ranks as the second most common malignant tumor in liver (1, 2). The incidence of ICC has been steadily increasing worldwide, from 0.1 cases per 100,000 to 0.6 per 100,000 over the past 30 years (3, 4). The most common risk factors for ICC in Jilin Province, China are chronic hepatitis B and C infections, as well as exposure to environment toxins such as aflatoxin (5). ICC patients are often diagnosed at an advanced stage due to non-specific symptom and high malignant aggressiveness, which makes anti-cancer treatments challenging (6). Notably, only 22% of ICC patients are eligible for curative surgery, owing to delayed diagnosis. The high recurrence and metastasis rates also negatively affect post-surgery survival rates (7, 8). The development of effective systemic therapies is needed for advanced ICC patients. Gemcitabine plus cisplatin (GC) is currently the standard first-line chemotherapy for advanced ICC patients worldwide. However, its efficacy is not satisfactory as expected, given that the progression-free survival (PFS) and overall survival (OS) of GC treatment are only 8.0 and 11.7 months, respectively (9). A meta-analysis involving seven published clinical trials also showed that gemcitabine-based regimens were associated with increased adverse events (8). The poor performance status of advanced ICC patients due to frequent biliary obstruction and infection may cause chemotherapy intolerance. Therefore, identifying more effective and safer anti-cancer treatments for advanced ICC patients is imperative.

In recent years, immunotherapy such as programmed cell death 1 (PD-1) and programmed cell death ligand (PD-L1) inhibitors has shown clinical success in treating a range of solid tumors, particularly advanced cancer patients (10). Many previous studies have investigated the efficacy of immunotherapy alone or in combination with other agents in ICC patients. A multicenter phase III randomized controlled clinical study reported that compared with chemotherapy in combination with placebo, biliary tract cancer patients receiving durvalumab combined with GC showed significantly improved median OS (11.5 vs. 12.8 months, p = 0.021) and PFS (5.7 vs. 7.2 months, p = 0.001) (11). These findings suggest a promising landscape of chemotherapy combined with immunotherapy as first-line treatment in biliary tract system tumors. Nonetheless, as mentioned previously, the poor performance status of advanced ICC patients may influence their response to chemotherapy. A standard first-line anti-cancer treatment for advanced ICC patients who refuse or are intolerant to chemotherapy is urgently required.

Lenvatinib is a multi-targeted inhibitor that suppresses vascular endothelial growth factor receptor (VEGFR) 1–3, fibroblast growth factor receptor (FGFR) 1–4, platelet-derived growth factor receptor (PDGFR)α, and proto-oncogenes RET and KIT (12). Preclinical data show that lenvatinib decreases the number of tumor-associated macrophages, thereby affecting antitumor immune responses and leading to increased efficacy of PD-L1 inhibition (13). In a recent study, Dr. Zhao tested the efficacy and safety of pembrolizumab plus lenvatinib as a second-line treatment for advanced biliary tract cancer (14). The trial showed an objective response rate (ORR) of 25% and a disease control rate (DCR) of 78.1%. Notably, no grade 5 adverse events were reported and only 59.3% of patients suffered from grade 3 treatment-related adverse events. This trial manifests the efficacy and safety of immune checkpoint inhibitors (ICIs) combined with lenvatinib. However, data on immunotherapy in combination with lenvatinib as the first-line treatments for advanced ICC patients in the real world are limited.

The present study aimed to compare the efficacy and safety of PD-1/PD-L1 in combination with GC regimen and lenvatinib as the first-line anti-cancer treatment in advanced ICC cancer patients, which may provide guidance in clinical practice.




2 Materials and methods



2.1 Study population and design

This retrospective cohort study included ICC patients from February 2020 to September 2022 at the Oncology Center of the First Hospital of Jilin University. Data from the first admission were analyzed for patients with multiple admissions. Inclusion criteria were as follows: (a) age≥18; (b) histopathological or cytological diagnosis of advanced or unresectable ICC; (c) Eastern Cooperative Oncology Group (ECOG) grade of 0–2; (d) experiencing PD-1/PD-L1 inhibitors combined with lenvatinib or GC treatments over 3 weeks; (e) at least one assessable lesion according to response evaluation criteria in solid tumors (RECIST 1.1); and (f) receiving at least one efficacy assessment by enhanced computer tomography (CT) or magnetic resonance imaging (MRI). Exclusion criteria were as follows: (a) a concurrence of malignant carcinoma in other systems; (b) post-surgery of organ translation; (c) serve comorbidities such as hepatitis, heart diseases, uncontrolled epilepsy, central nervous diseases, and mental disorders; (d) incomplete clinical data; and (e) loss of follow-up. A total of 51 patients were finally analyzed in our study. This study was carried out in accordance with the principles outlined in the Declaration of Helsinki and was approved by the ethics committees of the First Hospital of Jilin University.




2.2 Treatment and dosing

PD-1/PD-L1 inhibitors included pembrolizumab (200 mg once every 3 weeks), sintilimab (200 mg once every 3 weeks), toripalimab (240 mg once every 3 weeks), camrelizumab (200 mg once every 2 weeks), atezolizumab (1,200 mg once every 3 weeks), and durvalumab (1,500 mg once every 3 weeks) that were administered intravenously on day 1 of the treatment cycle. The chemotherapy regimen was gemcitabine combined with cisplatin (GC regimen). Patients using the GC regimen received gemcitabine (1.0 g/m2) and cisplatin (25 mg/m2) intravenously on days 1 and 8, every 21 days for one cycle of chemotherapy. The lenvatinib group calculated the dose of oral lenvatinib use based on patient body weight: body weight < 60 kg, 8 mg/day oral; ≥ 60 kg, 12 mg/day. Every 21 days is one cycle until disease progression, death, or intolerable toxicity. Dosage delay and adjustment were all allowed.




2.3 Collection of baseline characteristics

We have well-trained personnel to collect the baseline characteristics of all patients. Demographic information included age, sex, weight, and height. Medical history including hepatitis and liver cirrhosis was also collected. Pathological type, the Eastern Cooperative Oncology Group performance status (ECOG-PS), physical examination, and vital signs were applied to assess clinical characteristics. Laboratory data included blood routine, blood biochemistry, liver function tests, coagulation routine, tumor markers, and urine routine. The longest diameter of targeted lesion was measured by imaging examination. All pathologic staging was defined according to the eighth edition of the American Joint Committee on Cancer TNM staging system.




2.4 Follow-up and outcomes

We followed patients regularly by telephone investigation, outpatient visit, and periodical reexamination. The primary outcomes were PFS, sixth-month OS rate, and ninth-month OS rate. PFS and OS were defined as the interval from the first assessment to the date of progression and death, respectively. The secondary outcomes were objective response rate (ORR), disease control rate (DCR), and adverse events. The ORR was calculated as the sum of complete response (CR) and partial response (PR) divided by total cases. The DCR was calculated as the sum of stable disease, CR, and PR divided by total cases. Objective efficacy evaluation was performed according to response evaluation criteria in solid tumors (RECIST 1.1). The adverse reactions were evaluated according to the common terminology criteria for adverse events (CTCAE) version 5.0.




2.5 Statistical analysis

All statistical analyses were performed using SPSS 26.0. Continuous variables were expressed as median (interquartile range) and compared by Mann–Whitney U test. Categorical variables were expressed as absolute number or percentage and compared by χ2 test or Fisher’s exact test. The Kaplan–Meier method was performed to plot survival curves, with difference compared by the log-rank test. Univariate and multivariate Cox regression analyses were used to investigate independent risk factors of OS and PFS, with hazard ratios (HRs) and 95% confidence intervals (CIs). A two-tailed p-value < 0.05 was considered to be statistically significant.





3 Results



3.1 Baseline characteristics of patients

A total of 51 advanced ICC cancer patients were enrolled in our study, with 33 male and 18 female patients. The number of patients aged 60 and above was 23 (45.1%). There were 44 patients classified as Child–Pugh A and 7 patients as Child–Pugh B. Seven patients had a history of liver cirrhosis and 40 patients experienced metastasis (Figure 1). Twenty-five (49.0%) ICC patients had poor differentiation, 10 (19.6%) had moderate differentiation, and only 1 patient had well differentiation. Patients were classified into the PD-1/PD-L1 inhibitors combined with lenvatinib group (25 cases) and the PD-1/PD-L1 inhibitors combined with GC group (26 cases) (Figure 2). Demographic, clinical, and follow-up information was virtually balanced between two groups except ECOG grade, ascites, and alanine transaminase (ALT) (Table 1). Seven (28.0%) patients in the lenvatinib group had an ECOG grade above 1, while all patients in the GC group had an ECOG grade of 0 to 1 (p = 0.012). The number of patients with ascites was 7 (28.0%) in the lenvatinib group, significantly higher than that of the GC group (p = 0.047). The value of ALT was 21.7 U/L (95% CI = 13.4–27.1) in the lenvatinib group and 26.8 U/L (95% CI = 20.2-37.5) in the GC group, with the p-value of 0.017.




Figure 1 | The number of patients with metastasis in various sites. ICIs, immune checkpoint inhibitors; GC, gemcitabine plus cisplatin; LEN, lenvatinib.






Figure 2 | Flowchart of the present study.




Table 1 | Baseline characteristics of enrolled patients.






3.2 Objective efficacy evaluation of tumor between two groups

In the group receiving PD-1/PD-L1 inhibitors in combination with lenvatinib, there was no patient experiencing CR, 4 (16.0%) patients experiencing PR, 9 (36.0%) patients experiencing SD, and 12 (48.0%) patients experiencing PD. The figure for patients receiving PD-1/PD-L1 inhibitors combined with GC was 1 (3.8%), 5 (19.2%), 6 (23.1%), and 14 (53.8%), respectively. The ORR was 16.0% in the lenvatinib group and 23.1% in the GC group (p = 0.777). The DCR was 52.0% in the lenvatinib group and 46.2% in the GC group (p = 0.676) (Table 2).


Table 2 | Objective efficacy evaluation of tumor.






3.3 Survival analysis

The median follow-up was 10.2 months (95% CI = 9.7–10.7), during which 13 death cases were recorded. The median PFS of all patients was 6.1 months (95% CI = 1.5–10.7), while the median OS was not calculated due to short follow-up. The combination treatment of PD-1/PD-L1 inhibitors and lenvatinib was associated with longer PFS than the GC group, although it was not statistically significant (lenvatinib: 9.5 months, GC: 5.1 months, p = 0.454) (Figure 3). Similarly, no significant difference was observed in OS between the two groups (Figure 4). The sixth-month and ninth-month OS rates were 82.0% and 76.9% in the lenvatinib group and 87.4% and 71.5% in the GC group. In univariate Cox analysis, an ECOG grade above 1 or an increased level of AST was associated with shorter PFS. An ECOG grade above 1, Child–Pugh B, or an increased level of total bilirubin (Tbil) was associated with shorter OS. After adjusting for confounders, multivariate Cox regression analysis showed that ECOG grade above 1 was an independent risk factor for PFS (HR = 3.388, 95% CI = 1.312–8.746, p = 0.012) and OS (HR = 4.220, 95% CI = 1.131–15.742, p = 0.032) (Tables 3 and 4).




Figure 3 | Kaplan–Meier curves for PFS in the lenvatinib group and chemotherapy group.






Figure 4 | Kaplan–Meier curves for OS in the lenvatinib group and chemotherapy group.




Table 3 | Univariate and multivariate Cox analysis associated with PFS.




Table 4 | Univariate and multivariate Cox analysis associated with OS.






3.4 Comparison of safety between two combination treatments

No grade 4 adverse event and related death was recorded in both groups. There were four (16.0%) grade 3 adverse events in the lenvatinib group, namely, fatigue (n = 1), hand–foot skin response (n = 1), appetite loss (n = 1), and dizziness (n = 1). There were four (15.4%) grade 3 adverse events in GC group, namely, fatigue (n = 1) and myelosuppression (n = 3) (Table 5). In the lenvatinib group, the adverse events were mainly gastrointestinal side effects such as decreased appetite, nausea and vomiting, constipation, and diarrhea. In the GC group, the most common chemotherapy-related adverse events were fatigue, decreased appetite, nausea and vomiting, and myelosuppression. All clinical presentations were alleviated by reducing drug dose.


Table 5 | Treatment-related adverse events in the present study.







4 Discussion

Owing to delayed diagnosis, ICC patients are always diagnosed at an advanced stage, inappropriate for curative surgery and with poor prognosis. Adjuvant systemic treatment will be recommended after surgery resection or in the palliative care. GC is currently accepted as the standard first-line chemotherapy for advanced ICC patients; however, its limited efficacy and potential toxicity fail to significantly improve prognosis. The occurrence of immunotherapy has revolutionized treatment landscape of various solid tumors, including ICC. However, many previous studies showed that the efficacy of immunotherapy as a monotherapy was modest in advanced ICC patients (15, 16). The present study aimed to explore the efficacy and safety of combination treatments based on PD-1/PD-L1 in advanced ICC patients. We retrospectively analyzed patients receiving PD-1/PD-L1 inhibitors combined with GC or lenvatinib. Objective tumor response and survival analysis were used to compare the efficacy between two combination treatments. Adverse events were also recorded to evaluate the safety. The results of our study showed that both ICIs combined with GC and lenvatinib may be promising first-line treatments for advanced ICC patients, with no significant prognostic difference between two groups.

Chemotherapy has been confirmed to upregulate the expression of immune checkpoint, which can result in significant modifications in immune cell infiltrate (17). Combining chemotherapy with ICIs may achieve longer survival for cancer patients. Many previous clinical studies have confirmed a better tumor response and survival of receiving PD-1/PD-1 inhibitors plus chemotherapy than standard chemotherapy in patients with non-small cell lung cancer (18), breast cancer (19), esophagus cancer (20), and biliary tract cancer (11). The results of our study revealed that PD-1/PD-L1 inhibitors plus GC treatment had an ORR and DCR of 23.1% and 46.2%, respectively, in advanced ICC patients, with 6-month and 9-month OS rates of 87.4% and 71.5%, respectively. Similarly, in a phase II trial, camrelizumab plus gemcitabine plus oxaliplatin (GEMOX) has shown a promising antitumor activity and acceptable safety profile as first-line treatment in advanced biliary tract cancer patients. Twenty (54%) out of 37 patients had an objective response. The median PFS was 6.1 months and the median OS was 11.8 months, respectively (21). Moreover, some studies also indicated that PD-1 inhibitors can resensitize biliary tract cancer to chemotherapy. In a phase II study, patients treated primarily with gemcitabine- or cisplatin-based chemotherapy were subsequently treated with nivolumab plus gemcitabine and cisplatin. Some patients showed a CR, and one showed a PR, suggesting that nivolumab is able to resensitize chemotherapy with gemcitabine and cisplatin (22).

Lenvatinib is a multiple receptor tyrosine kinase inhibitor targeting mainly vascular endothelial growth factor (VEGF) and fibroblast growth factor (FGF) receptors (12). Notably, preclinical research showed that the antitumor activity of lenvatinib will improve when combined with ICIs by reducing tumor-associated macrophages (TAMs) and increasing the percentage of activated CD8+ T cells secreting interferon (IFN)-γ+ and granzyme B (GzmB) (23). Wang et al. reported that the ORR was 12% (95% CI: 1.7–22.7), with a median PFS of 3.8 months (95% CI: 1.3–6.3) and an OS of 11.4 months in advanced biliary tract carcinoma patients receiving lenvatinib as first-line therapy (24). Compared with lenvatinib alone, our study showed a higher ORR (16.0%) and longer median PFS (9.5 months) of lenvatinib plus PD-1/PD-L1 inhibitors. Consistent with our results, the median PFS of lenvatinib plus PD-1/PD-L1 inhibitors from a recent study was 8.63 months in ICC patients, longer than lenvatinib alone though slightly shorter than the results of our study (25). In the same trend, Xie et al. recorded a median PFS of 5.83 months, with an ORR and DCR of 17.5% and 75.0% respectively (26). In a phase II study, the ORR and DCR reached 42.1% and 76.3%, respectively, in unresectable biliary tract cancer patients receiving lenvatinib plus PD-1 inhibitors as first-line treatment (27). Zhu et al. recently reported that PD-1/PD-L1 inhibitors plus chemotherapy combined with lenvatinib represented an effective and tolerable treatment option in patients with advanced biliary tract cancer (28). One possible reason why their results were significantly better than ours is because of the difference in patients’ baseline profile. Moreover, there may be a difference in the efficacy of targeted therapy combined with immunotherapy and chemotherapy between patients with gallbladder cancer, ICC, and extrahepatic cholangiocarcinoma (29). Although there are mild differences from various studies, it is apparent that the combination of lenvatinib with PD-1/PD-L1 could be an effective treatment for advanced ICC patients.

In the current study, we found that patients receiving PD-1/PD-L1 inhibitors plus lenvatinib had a poorer physical status, had a higher ECOG grade, and had frequent presence of ascites. This may be due to the selection bias that patients would be treated with lenvatinib only when they are intolerant to chemotherapy in the clinical practice. However, no significant difference was observed in tumor objective response and survival between patients receiving PD-1/PD-L1 inhibitors plus GC and lenvatinib. In the multivariate Cox analysis adjusting for confounding factors, only ECOG grade was the independent risk factor for PFS and OS. As for safety, the incidence of side effects was higher in the chemotherapy group, but it was not statistically significant. Moreover, no grade 4 adverse event and related death was recorded in both groups. Therefore, we speculated that PD-1/PD-L1 plus lenvatinib would be recommended as a promising first-line treatment for advanced ICC patients who refuse or are intolerant to chemotherapy. In the clinical practice, we can formulate individualized anti-cancer treatments depending on the patient’s physical performance.

This study has some limitations. First, this is a retrospective single-center study, with a small number of participants and short follow-up. The median OS was not reached in both groups. There may be type II error in our study considering that the conclusions were generated based on non-statistically significant results. A large-scale randomized controlled prospective study is needed to confirm the results of the present study. Second, we included all patients receiving PD-1/PD-L1 inhibitors plus chemotherapy or lenvatinib in this retrospective study, not differentiating specific drugs. The choice of the PD-1/PD-L1 inhibitor is highly individualized in the real world considering drug accessibility, price, medical insurance coverage, and other factors. Moreover, there is no evidence showing which PD-1/PD-L1 inhibitor is better than others in advanced ICC patients. Most patients also lacked data on PD-L1 expression testing, which may have an influence on their response to immunotherapy. Third, all patients enrolled in our study were from one medical institution in China. The efficacy and safety of PD-1/PD-L1 inhibitors plus chemotherapy and lenvatinib as the first-line treatment beyond the current region and race need to be proven in the future.

In conclusion, PD-1/PD-L1 inhibitors in combination with chemotherapy and lenvatinib are both beneficial to tumor control and survival extension as first-line treatment in advanced ICC patients, with no severe adverse events. As for patients with poor physical performance or intolerance to chemotherapy, ICIs plus lenvatinib could be recommended.





Data availability statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding author.





Ethics statement

The studies involving humans were approved by The ethics committees of the First Hospital of Jilin University. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

All authors have read and approved the final manuscript. N-YW conceived and designed the study. J-XH, BL YL, XL, and L-JD assisted with the development of the methods. J-XH, BL, and YL performed the data analysis. J-XH and BL drafted the initial manuscript. L-JD and N-YW gave many valuable comments on the draft and polished it. All authors assisted with the interpretation of the findings, commented on drafts of the manuscript, and approved the final version.





Funding

This work was supported by the Interdisciplinary Project of Jilin University (04034000002), the Jilin University Excellent Young Teachers Training Program, and the Bethune Special Project of Jilin Provincial Department of Science and Technology (3D5204167428).




Acknowledgments

We would like to express our sincere thanks to Jing Jiang for her support in data and statistics.





Conflict of interest

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





References

1. Zhang, H, Yang, T, Wu, M, and Shen, F. Intrahepatic cholangiocarcinoma: Epidemiology, risk factors, diagnosis and surgical management. Cancer Lett (2016) 379(2):198–205. doi: 10.1016/j.canlet.2015.09.008

2. Bartolini, I, Risaliti, M, Fortuna, L, Agostini, C, Ringressi, MN, Taddei, A, et al. Current management of intrahepatic cholangiocarcinoma: from resection to palliative treatments. Radiol Oncol (2020) 54(3):263–71. doi: 10.2478/raon-2020-0045

3. Patel, T. Increasing incidence and mortality of primary intrahepatic cholangiocarcinoma in the United States. Hepatology (2001) 33(6):1353–7. doi: 10.1053/jhep.2001.25087

4. West, J, Wood, H, Logan, RF, Quinn, M, and Aithal, GP. Trends in the incidence of primary liver and biliary tract cancers in England and Wales 1971-2001. Br J Cancer (2006) 94(11):1751–8. doi: 10.1038/sj.bjc.6603127

5. Liu, M, Liu, BL, Liu, B, Guo, L, Wang, Q, Song, YQ, et al. Cutaneous metastasis of cholangiocarcinoma. World J Gastroenterol (2015) 21(10):3066–71. doi: 10.3748/wjg.v21.i10.3066

6. Valle, JW, Kelley, RK, Nervi, B, Oh, DY, and Zhu, AX. Biliary tract cancer. Lancet (2021) 397(10272):428–44. doi: 10.1016/S0140-6736(21)00153-7

7. Shroff, RT, Kennedy, EB, Bachini, M, Bekaii-Saab, T, Crane, C, Edeline, J, et al. Adjuvant therapy for resected biliary tract cancer: ASCO clinical practice guideline. J Clin Oncol (2019) 37(12):1015–27. doi: 10.1200/JCO.18.02178

8. Abdel-Rahman, O, Elsayed, Z, and Elhalawani, H. Gemcitabine-based chemotherapy for advanced biliary tract carcinomas. Cochrane Database Syst Rev (2018) 4:CD011746. doi: 10.1002/14651858.CD011746.pub2

9. Valle, J, Wasan, H, Palmer, DH, Cunningham, D, Anthoney, A, Maraveyas, A, et al. Cisplatin plus gemcitabine versus gemcitabine for biliary tract cancer. N Engl J Med (2010) 362(14):1273–81. doi: 10.1056/NEJMoa0908721

10. Chen, L, and Han, X. Anti-PD-1/PD-L1 therapy of human cancer: past, present, and future. J Clin Invest (2015) 125(9):3384–91. doi: 10.1172/JCI80011

11. Oh, DY, He, AR, Qin, S, et al. A phase 3 randomized, double-blind, placebo-controlled study of durvalumab in combination with gemcitabine plus cisplatin (GemCis) in patients (pts) with advanced biliary tract cancer (BTC): TOPAZ-1. J ClinOncol (2022) 40(4):378. doi: 10.1200/JCO.2022.40.4_suppl.378

12. Tohyama, O, Matsui, J, Kodama, K, Hata-Sugi, N, Kimura, T, Okamoto, K, et al. Antitumor activity of lenvatinib (E7080): an angiogenesis inhibitor that targets multiple receptor tyrosine kinases in preclinical human thyroid cancer models. J Thyroid Res (2014) 2014(Article ID 638747):13. doi: 10.1155/2014/638747

13. Wang, Y, Jiang, M, Zhu, J, Qu, J, Qin, K, Zhao, D, et al. The safety and efficacy of lenvatinib combined with immune checkpoint inhibitors therapy for advanced hepatocellular carcinoma. BioMed Pharmacother (2020) 132:110797. doi: 10.1016/j.biopha.2020.110797

14. Lin, J, Yang, X, Long, J, Zhao, S, Mao, J, Wang, D, et al. Pembrolizumab combined with lenvatinib as non-first-line therapy in patients with refractory biliary tract carcinoma. Hepatobil Surg Nutr (2020) 9(4):414–24. doi: 10.21037/hbsn-20-338

15. Ricci, AD, Rizzo, A, and Brandi, G. Immunotherapy in biliary tract cancer: worthy of a second look. Cancer Control (2020) 27(3):1073274820948047. doi: 10.1177/1073274820948047

16. Rizzo, A, Ricci, AD, and Brandi, G. Recent advances of immunotherapy for biliary tract cancer. Expert Rev Gastroenterol Hepatol (2021) 15(5):527–36. doi: 10.1080/17474124.2021.1853527

17. Uprety, D. Chemo-immunotherapy: the beginning of a new era in lung cancer. Clin Lung Cancer (2019) 20(2):63–5. doi: 10.1016/j.cllc.2018.11.006

18. Langer, CJ, Gadgeel, SM, Borghaei, H, Papadimitrakopoulou, VA, Patnaik, A, Powell, SF, et al. Carboplatin and pemetrexed with or without pembrolizumab for advanced, non-squamous non-small-cell lung cancer: a randomised, phase 2 cohort of the open-label KEYNOTE-021 study. Lancet Oncol (2016) 17:1497–508. doi: 10.1016/S1470-2045(16)30498-3

19. Cortes, J, Cescon, DW, Rugo, HS, Nowecki, Z, Im, SA, Yusof, MM, et al. Pembrolizumab plus chemotherapy versus placebo plus chemotherapy for previously untreated locally recurrent inoperable or metastatic triple-negative breast cancer (KEYNOTE-355): a randomised, placebo-controlled, double-blind, phase 3 clinical trial. Lancet (2020) 396:1817–28. doi: 10.1016/S0140-6736(20)32531-9

20. Sun, JM, Shen, L, Shah, MA, Enzinger, P, Adenis, A, Doi, T, et al. Pembrolizumab plus chemotherapy versus chemotherapy alone for first-line treatment of advanced oesophageal cancer (KEYNOTE-590): a randomised, placebo-controlled, phase 3 study. Lancet (2021) 398:759–71. doi: 10.1016/S0140-6736(21)01234-4

21. Chen, X, Wu, X, Wu, H, Gu, Y, Shao, Y, Shao, Q, et al. Camrelizumab plus gemcitabine and oxaliplatin (GEMOX) in patients with advanced biliary tract cancer: a single-arm, open-label, phase II trial. J Immunother Cancer (2020) 8(2):e001240. doi: 10.1136/jitc-2020-001240

22. Feng, K, Liu, Y, Zhao, Y, Yang, Q, Dong, L, Liu, J, et al. Efficacy and biomarker analysis of nivolumab plus gemcitabine and cisplatin in patients with unresectable or metastatic biliary tract cancers: results from a phase II study. J Immunother Cancer (2020) 8:e000367. doi: 10.1136/jitc-2019-000367

23. Kato, Y, Tabata, K, Kimura, T, Yachie-Kinoshita, A, Ozawa, Y, Yamada, K, et al. Lenvatinib plus anti-PD-1 antibody combination treatment activates CD8+ T cells through reduction of tumor-associated macrophage and activation of the interferon pathway. PloS One (2019) 14(2):e0212513. doi: 10.1371/journal.pone.0212513

24. Wang, Y, Yang, X, Wang, D, Yang, X, Wang, Y, Long, J, et al. Lenvatinib beyond first-line therapy in patients with advanced biliary tract carcinoma. Front Oncol (2022) 12:785535. doi: 10.3389/fonc.2022.785535

25. Zhu, S, Liu, C, Dong, Y, Shao, J, Liu, B, and Shen, J. A retrospective study of lenvatinib monotherapy or combined with programmed cell death protein 1 antibody in the treatment of patients with hepatocellular carcinoma or intrahepatic cholangiocarcinoma in China. Front Oncol (2021) 11:788635. doi: 10.3389/fonc.2021.788635

26. Xie, L, Huang, J, Wang, L, Ren, W, Tian, H, Hu, A, et al. Lenvatinib combined with a PD-1 inhibitor as effective therapy for advanced intrahepatic cholangiocarcinoma. Front Pharmacol (2022) 13:894407. doi: 10.3389/fphar.2022.894407

27. Zhang, Q, Liu, X, Wei, S, Zhang, L, Tian, Y, Gao, Z, et al. Lenvatinib plus PD-1 inhibitors as first-line treatment in patients with unresectable biliary tract cancer: a single-arm open-label, phase II study. Front Oncol (2021) 4752. doi: 10.3389/fonc.2021.751391

28. Zhu, C, Xue, J, Wang, Y, et al. Efficacy and safety of lenvatinib combined with PD-1/PD-L1 inhibitors plus Gemox chemotherapy in advanced biliary tract cancer. Front Immunol (2023) 14. doi: 10.3389/fimmu.2023.1109292

29. Li, H. A single-arm, open-label, phase II study of tislelizumab combined with lenvatinib and gemox regimen for conversion therapy of potentially resectable locally advanced biliary tract cancers. Ann Oncol (2022) 33:S570. doi: 10.1016/j.annonc.2022.07.093




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

Copyright © 2023 Huang, Liu, Li, Li, Ding and Wang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


		ORIGINAL RESEARCH
published: 24 August 2023
doi: 10.3389/fphar.2023.1213506


[image: image2]
Molecular subtypes and scoring tools related to Foxo signaling pathway for assessing hepatocellular carcinoma prognosis and treatment responsiveness
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Background: Transcription factors in Foxo signaling pathway influence hepatocellular carcinoma metastasis through epithelial mesenchymal transition-related pathways. Prognostic factors in the Foxo signaling pathway are feasible for HCC prognosis and therapeutic management.
Methods: Based on the differentially expressed genes and Foxo signaling pathway genes in HCC, the ConsensusClusterPlus package was conducted to identify Foxo signaling pathway-related molecular subtypes in HCC. Based on the DEGs in the FMSs, the optimal prognostic factors in HCC were screened by cox and least absolute shrinkage and selection operator (LASSO) cox analysis to form the Foxo prognosis score (FPS). The prognostic predictive effectiveness of FPS was assessed by Kaplan Meier (K-M) analysis and Receiver Operating Characteristic (ROC) analysis. Additionally, tumor microenvironment (TME) score, tumor mutation burden (TMB) and treatment sensitivity differences in FMSs and FPS groups were also evaluated.
Results: There were low, medium and high Foxo signaling pathway activity molecular subtypes in HCC named FMS 1, FMS 2 and FMS 3, respectively. FMS 1 with lowest Foxo signaling pathway activity presented an excellent survival advantage, while FMS 3 with highest Foxo signaling pathway activity exhibited an inhibitory TME status. According to FPS grouping, low FPS exhibited favorable survival, low TMB and anti-tumor activity. Patients in the low FPS group were mostly in the early stage of cancer. Moreover, we found that patients with high and low FPS exhibited different sensitivity to chemotherapy, and patients with low FPS were more sensitive to immunotherapy.
Conclusion: We revealed a novel molecular subtype and prognostic tool based on Foxo signaling pathway signature, which could potentially provide a direction for accurate and effective assessment of potential personalized treatment options and prognostic management for HCC patients.
Keywords: hepatocellular carcinoma, Foxo signaling pathway, molecular subtypes, prognosis, treatment assessment
INTRODUCTION
Hepatocellular carcinoma (HCC) is the most prevalent pathological type of liver cancer, with 90% of liver cancer cases being HCC (Llovet et al., 2021). According to the prognostic model of cancer pathology by the World Health Organization (WHO), more than 1 million HCC deaths were expected (Llovet et al., 2021). In current clinical practices, liver resection, transplantation, and chemotherapy remained the dominant options for the treatment of HCC. Surgical resection demonstrated good five-year survival in the treatment of HCC, with five-year survival rates of approximately 70%–80%, however, there were postoperative liver dysfunction and recurrence difficulties, maintaining liver function in HCC patients after surgery was reported to be the key challenge (European Association for the Study of the Liver, 2018). Liver transplantation was accepted as the superior HCC treatment option to surgical resection in clinical practice, with more than half of HCC liver transplant patients achieving postoperative survival of 10 years or more, however, the waiting time for donor in liver transplantation was an uncertainty (Llovet et al., 2021). In contrast, chemotherapy was predominantly compromised by tumor heterogeneity, with different individuals exhibiting diverse treatment progression (Vogel et al., 2022). Therefore, postoperative prognostic management of HCC was the substantial challenge in clinical practice, and accurate prognostic assessment tools were integral to improve the survival rate of HCC.
The transcription factors in the Foxo signaling pathway, FOXO1 and FOXO3, contributed critical proteins to the development of malignant progression of HCC (Yang et al., 2021). In HCC, Akt signaling normally occurs in an active state, with overactive AKT signaling inhibiting FOXO1 transcriptional processes. Regular FOXO1 transcription inhibited epithelial mesenchymal transition (EMT) and transforming growth factor-β (TGF-β) expression, whereas dysregulation of EMT and TGF-β expression promoted HCC cell invasion and metastasis to other tissues when the FOXO1 transcription process was blocked (Dong et al., 2017). FOXO3 exhibited normal expression levels in normal liver tissues but was abnormally highly expressed in liver tissues of HCC patients, with further studies also confirming that FOXO3 contributed to the suboptimal disease-free survival and prognosis of HCC (Ahn et al., 2018; Song et al., 2020).
In this study, we integrated high-throughput sequencing data of HCC from multiple databases (The Cancer Genome Atlas, GENE EXPRESSION OMNIBUS) to conduct a comprehensive theoretical analysis. The intention of this study was aimed to establish molecular subtypes of Foxo signaling pathway activity in HCC, followed by an attempt to construct the prognostic scoring system for HCC based on the specialized genes in the subtypes. To our knowledge, this is the first time that Foxo signaling pathway was studied in the prognosis of liver cancer.
MATERIALS AND METHODS
Data collection
RNA-seq data for the TCGA-LIHC sequencing project were sourced from the Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) database. This study was conducted using the HCC samples cohort in TCGA as the training set. To validate the results of this investigation, three additional datasets were accessed as validation sets. RNA-Seq data for HCC sequencing researches were accessed from HCCDB (Lian et al., 2018) (http://lifeome.net/database/hccdb/home.html) (project name: ICGC-LIRI-JP) and GENE EXPRESSION OMNIBUS (GEO) database (https://www.ncbi.nlm.nih.gov/gds) (registration number: GSE14520 (Li et al., 2022), GSE76427 (Grinchuk et al., 2018)), respectively. Additionally, clinical information of samples in TCGA-LIHC, ICGC-LIRI-JP, GSE14520 and GSE76427 were also collected. The genes in the Foxo signaling pathway were sourced from the Kyoto encyclopedia of genes and genomes (KEGG) database (https://www.genome.jp/kegg/) (Supplementary Table S1).
Data pre-processing
Clinical data and RNA-Seq data of samples in TCGA-LIHC, ICGC-LIRI-JP, GSE14520 and GSE76427 were imported into the sangerbox database (Shen et al., 2022) for the following processing. Samples with missing clinical data were excluded; samples with survival time >0 were retained; ensemb information was converted to Gene symbol; gene with multiple probe information were averaged as the expression data of the gene. After processing, 355 HCC samples and 50 control samples were included in TCGA-LIHC; 212 HCC samples were maintained in ICGC-LIRI-JP; 221 and 115 HCC samples were maintained in GSE14520, GSE76427. Detailed information was listed in Table 1.
TABLE 1 | Clinical information of HCC samples in TCGA-LIHC, ICGC-LIRI-JP, GSE14520 and GSE76427.
[image: Table 1]Identification of Foxo Molecular subtypes
In TCGA-LIHC, the limma package (Ritchie et al., 2015) was performed to screen differentially expressed genes (DEGs) in HCC samples based on the expression matrix of HCC samples and control samples (|log2FC|>1 & FDR<0.05). The expression matrix of genes in the Foxo signaling pathway was extracted and the univariate COX model was performed to identify HCC prognosis-related genes (p < 0.05). Overlapping genes in prognosis-related genes in DEGs and Foxo signaling pathway were extracted, and the consistency clustering analysis was performed based on the expression matrix of overlapping genes. The ConsensusClusterPlus R package (Wilkerson and Hayes, 2010) was performed to execute the consistency clustering analysis. The clustering parameters were set as follows: metric distance: km algorithm and euclidean; number of bootstraps: 500; number of clusters range: k = 2–10. Foxo Molecular subtypes (FMS) in HCC were determined according to the consistency matrix and consistency cumulative distribution function for each k-value range.
Protein-protein interaction network analysis
The limma package was used to perform differential analysis to identify DEGs in each FMS according to the gene expression matrix in the different FMSs. The DEGs were imported into the STRING database (Szklarczyk et al., 2021) to construct the Protein-protein interaction network (PPI network) with parameters set to: confidence score > 0.7. The PPI network was imported into Cytoscape software (version: 3.9.1) (Shannon et al., 2003) for MCODE sub-network clustering and topology analysis. Genes in the sub-networks with the highest scores based on MCODE algorithm were included for subsequent analysis.
Construction of Foxo prognosis score
Based on the gene expression matrix in MCODE 1, the coxph function in the survival package (Therneau and Lumley, 2015) was performed for univariate COX model analysis to initially screen for HCC prognosis-related genes. The Least absolute shrinkage and selection operator COX model was performed to reduce the model fit, and the penalty parameter lambda was selected by 10-fold cross-validation method. The model under the best lambda value was selected for multivariate COX model construction, and the step AIC function in the MASS package was performed for optimal model selection, and the model under the minimum value of Akaike information criterion (AIC) was considered the optimal model. The Foxo prognosis score (FPS) was constructed based on the gene regression coefficients (β) and expression data in the model. The evaluation equation was:
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Prognostic guidance value of FPS
The FPS of samples in TCGA-LIHC was calculated according to the FPS evaluation equation. Samples with FPS>0 was defined as high FPS group and samples with FPS<0 was defined as low FPS group. The survival package was performed to perform Kaplan-Meier (K-M) survival analysis and graphed K-M survival curves. The timeROC package (Blanche et al., 2013) was performed for Receiver Operating Characteristic (ROC) analysis and ROC curves were graphed. The prognostic guidance value of FPS was validated in the external validation cohorts, CGC-LIRI-JP, GSE14520 and GSE76427.
Mutational landscape analysis of genes in the Foxo signaling pathway
The somatic mutation data corresponding to HCC samples in TCGA-LIHC were also sourced from the TCGA database. The Maftools package (version: 2.8.05) (Mayakonda et al., 2018) was deployed to perform copy number variation (CNV) and Single nucleotide variant (SNV) analysis. The tmb function in the Maftools package was performed to assess the level of Tumor mutation burden (TMB) in HCC. Based on Thorsson et al. (2018), molecular mutation characteristics of TCGA-LIHC were captured to assess the Aneuploidy Score, Fraction Altered, Number of Segments, and Number of Segments levels in HCC samples.
Scoring or abundance analysis of infiltrating immune cells in the immune microenvironment
For HCC samples in TCGA-LIHC, multiple tumor microenvironment (TME) infiltration algorithms were conducted to assess the immune score or infiltration abundance of infiltrating immune cells in these samples. The CIBERSORT algorithm (Chen et al., 2018) was developed to assess the infiltrative abundance of 22 immune cells in HCC samples; the MCP-Count (Becht et al., 2016), and TIMER algorithms (Li et al., 2020) were developed to assess the immune scores of immune cells in TME. The GSVA package (Hanzelmann et al., 2013) was performed to perform single-sample gene set enrichment analysis based on the 28 immune cell gene sets in the study by Barbie et al. (2009).
Pathway analysis
The h.all.v7.5.1.symbols.gmt gene set from MSigDB database was imported from the GSEA website for single sample gene set enrichment analysis (ssGSEA) via the GSVA package. The Hmisc package (Harrell and Harrell, 2019) was employed for spearman correlation analysis between the pathway ssGSEA score and FPS.
Evaluation of immunotherapy/chemotherapy sensitivity
The present study also sought to reveal the sensitivity of HCC patients in different FMS and FPS groups to immunotherapy as well as chemotherapeutic drug treatment. Immune checkpoint gene expression levels in HCC samples were assessed according to the immune checkpoint gene in the study of Auslander et al. (2018). Next, the Tumor Immune Dysfunction and Exclusion (TIDE) score, interferon gamma (IFNG), exclusion score, dysfunction score, and myeloid-derived suppressor cells (MDSCs) score of HCC samples were accessed in the TIDE (http://tide.dfci.harvard.edu/login/) (Jiang et al., 2018) website. Chemotherapeutic drugs, Erlotinib, Saracatinib, TGX221, Roscovitine, GNF-2, CGP-082996, Pyrimethamine, NSC-87877, treated HCC Sequencing data were sourced from the Genomics of Drug Sensitivity in Cancer (GDSC, https://www.cancerrxgene.org/) database. pRRophetic package (Geeleher et al., 2014) was developed to assess the half maximal inhibitory concentration (IC50) values of these drug-treated HCC data.
Assessment of the clinical value of FPS and construction of nomogram
Age, Gender, Stage, Grade, and FPS information of HCC samples in TCGA-LIHC were extracted and univariate COX and multivariate COX analyses were performed to identify pivotal independent prognostic parameters in HCC for Nomogram construction. Meanwhile, the calibration curves were performed to assess the prognostic predictive value of Nomogram based on the 1-year, 3-year, and 5-year survival rates of HCC predicted by Nomogram versus the actual survival rates of recorded HCC. Additionally, Decision curve (DCA) was graphed for assessing the clinical predictive value of FPS, Nomogram based on its information.
Statistical analysis
All statistical analyses were performed using R software (version 4.0.3). Moreover, Sangerbox (http://sangerbox.com/home.html) also assisted in data processing. p value < 0.05 was treated as statistically significant.
RESULTS
Genomic alterations of prognosis-related Foxo signaling pathway genes in HCC
In TCGA-LIHC, 2751 DEGs were screened out between HCC and normal tissues and prognosis-related Foxo signaling pathway genes were screened, with 19 genes co-existing in them (Figure 1A). Among these genes, 5 genes expressed highly in control tissues and 14 genes expressed highly in tumor tissues (wilcox.test, p < 0.05) (Figure 1B). Subsequently, the mutation status of 19 genes in HCC tissues was analyzed with 23 HCC samples (6.32%) in which these genes were mutated. Missense Mutation and Nonsense_Mutation constituted the most frequent type of mutations (Figure 1C). 19-genes were also estimated for CNV, for which we found genes exhibited lower CNV amplification or deletion (Figure 1D). Finally, according to CNV status, HCC samples were divided into CNV amplification, CNV deletion and CNV diploid groups, and 19-gene expression was evaluated in all three groups. We found that these genes exhibited higher expression levels in the CNV amplification group overall (Figure 1E).
[image: Figure 1]FIGURE 1 | Prognosis-related genomic alterations of Foxo signaling pathway genes in HCC samples. (A) Wayne diagram showing overlapping genes of prognosis-related Foxo signaling pathway genes and DEGs in HCC. (B) 19 - Gene expression in tumor tissue and normal tissue. (C) Mutational landscape of 19 genes in tumor samples. (D) 19-gene CNV landscape in HCC samples. (E) 19-Gene expression levels in the CNV amplification group, CNV deletion group, and CNV diploid group. *p < 0.05, **p < 0.01, ****p < 0.0001, ns, no difference.
Foxo Molecular subtypes in HCC
Following the 19-genes expression matrix, HCC samples in TCGA-LIHC were performed consistency clustering analysis to uncover the molecular subtypes concerning Foxo signaling pathway signature (FMS). When k = 3, the clustering of HCC patients exhibited excellent consistency with low interference between samples (Supplementary Figure S1A–C). Therefore, we defined 3 molecular subtypes in HCC named FMS 1, FMS 2, and FMS 3. The molecular subtypes were further verified in the samples of GSE14520, and the trends were consistent (Supplementary Figure S1D–F). In TCGA-LIHC and GSE14520, FMS 1 both exhibited an excellent survival benefit (Figures 2A, B). In TCGA-LIHC, from the statistical information of clinical information and 19-gene expression heatmap in FMS 1-3, we could clearly observe that FMS 1 exhibited remarkably high expression of protective factors and remarkably low expression of risk factors. FMS 3 exhibited the contrast tendency. Therefore, FMS 1, FMS 2, and FMS 3 were defined as the low activity cluster, medium activity cluster, and high activity cluster of Foxo signaling pathway, respectively. Moreover, we also noted that patients with HCC in FMS 3 exhibited high clinical stage features (Figure 2C).
[image: Figure 2]FIGURE 2 | Differences in survival, clinical characteristics among FMSs. (A–B) K-M Ssurvival curve of FMSs in TCGA-LIHC, GSE14520. (C) Heatmap showing 19-gene expression and clinicopathological information in FMSs. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
TME differences in FMSs
According to CIBERSORT results, B cells naïve, T cells CD4 memory resting, Monocytes, Macrophages M1, Mast cells resting expressed high infiltration abundance in FMS 1; T cells regulatory (Tregs), Macrophages M0 expressed high infiltration abundance in FMS 3 (Figure 3A). Depending on the ssGSEA, MCP-Count, and TIMER results, we observed that higher levels of immune cell infiltration scores were exhibited in FMS 3 (Supplementary Figure S2). Additionally, lower levels of immune checkpoint gene expression were measured in FMS 1, and the highest level of immune checkpoint gene expression was demonstrated in FMS 3 (Figure 3B). We further remarked that TIDE score, IFNG score, Exclusion score, MDSC score appeared to be higher in FMS 3 (Figure 3C).
[image: Figure 3]FIGURE 3 | TME differences between FMSs. (A) CIBERSORT results in FMSs, demonstrating the abundance of 22 immune cell infiltrates. (B) Immune checkpoint gene expression levels in FMSs. (C) TIDE score, IFNG score, Exclusion score, Dysfunction score, MDSC score. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no difference.
Protein-protein interaction network in HCC
To explore the prognostic differences and TME activity differences, differential analysis was performed in FMS 1-3 to construct PPI networks to explore the protein regulatory network differences among FMSs. Firstly, differential analysis was performed. 576 DEGs were presented in FMS 1, consisting of 188 upregulated expression DEGs and 388 downregulated expression DEGs; 2 upregulated expression DEGs were presented in FMS 2; 1,048 DEGs were presented in FMS 3, consisting of 658 upregulated expression DEGs and 390 downregulated expression DEGs. 1,108 overlapping DEGs were presented in FMSs, and these genes were included in STRING to construct PPI network, and 717 genes were included in PPI network with confidence score >0.7 (Figure 4A). According to the MCODE algorithm in cytoscape software, the sub-network MCODE 1 with the highest large MCODE degree value in the PPI network was retained for functional enrichment analysis, containing 103 genes. These genes were remarkably enriched in cell cycle, DNA replication, oocyte meiosis, progesterone-mediated oocyte maturation, and p53 signaling pathway (Figure 4B). The GO results further evidenced that these genes were closely interlinked with DNA replication transcriptional processes, such as, regulation of mitotic cell cycle, cell division, cell cycle phase transition, and mitotic cell cycle phase transition (Figure 4C).
[image: Figure 4]FIGURE 4 | PPI network and functional analysis. (A) PPI network for DEGs in FMSs (The darker the color of a single gene, the more it interacts with other genes, indicating its higher importance). (B) KEGG chord diagram of genes in MCODE 1. (C) GO bubble map of genes in MCODE 1.
FPS for assessing HCC prognosis
In TCGA-LIHC, 92 prognosis-related genes were identified by univariate COX analysis, we found that these genes were all Risk genes. According to the trajectory diagram of the change of independent variable coefficients in LASSO COX analysis, the interference of similar genes in the model was minimized at lambda = 0.0172, and the model fit was minimized at this time, when 16 genes were included in the model (Supplementary Figure S3A, B). Finally, CENPA, CDKN3, KPNA2, ARHGAP11A, KIF18A, ASF1B, HMMR, CDCA8, and CCNB2 were screened out by multivariate COX analysis and were considered to be the optimal model to compose the HCC prognostic scoring system with FPS = 0.875*CENPA+(-0.291*CDKN3)+0.414*KPNA2 +(-1.298*ARHGAP11A)+0.694*KIF18A+(-0.496*ASF1B)+ 0.292*HMMR+0.899*CDCA8+(-0.554*CCNB2) (Figure 5A). The prognostic differences between the high FPS group (FPS>0) and the low FPS group (FPS<0) according to the FPS = 0 grouping and the prognostic accuracy of FPS were assessed by K-M survival curves and ROC curves, respectively. Patients with HCC in the low FPS group presented remarkable survival advantage (Figure 5B). The AUC values of FPS predicting 1-year, 2-year, 3-year, 4-year, and 5-year survival of HCC were 0.82, 0.77, 0.77, 0.79, and 0.8 (Figure 5C). The prognostic value of FPS was further validated in ICGC-LIRI-JP, GSE76427, and GSE14520, we observed that patients with low FPS in all three datasets exhibited remarkable survival advantage with FPS demonstrated higher AUC values (Figures 5D–G, Supplementary Figure C, D).
[image: Figure 5]FIGURE 5 | Predictive value of FPS. (A) Multivariate COX forest plot of 9-prognostic factors. (B, C) K-M survival curve, ROC curve in TCGA-LIHC. (D, E) K-M survival curve, ROC curve in ICGC-LIRI-JP. (F, G) K-M survival curve, ROC curve in GSE76427. *p < 0.05, **p < 0.01, ***p < 0.001.
Prognostic performance of FPS in pathological subgroups
In TCGA-LUAD, the clinicopathological statistical information, 9-gene expression level, and FPS distribution of HCC samples were demonstrated in Figure 6A. We observed that there were remarkable differences in Stage, T stage, and Status of patients in the high FPS group and low FPS group, and the 9-gene expressed higher levels in the high FPS group. In subgroups including Stage, FPS in Age, T stage, Grade, and FMS Clusters showed elevated trends with advanced pathological stage. Also, there is also a slight trendy of differences in FPS between men and women (Figure 6B). In Stage subgroups (Stage I + II, Stage III + IV), Grade subgroups (G1+G2, G3+G4), Age subgroups (Age<=60, Age>60), and Gender subgroups (Female, Male), the low FPS group all exhibited remarkable survival advantage (Figures 6C–F).
[image: Figure 6]FIGURE 6 | Clinical characteristics in the FPS groups. (A) Heat map of 9-prognostic factor expression in FPS groups combined with clinical characteristics of patients. (B) FPS differences in clinicopathological groups. (C–F) K-M survival curves of patients in high and low FPS groups in Stage I + II, Stage III + IV, G1+G2, G3+G4, Age<=60, Age>60, FEMALE, and MALE groups. *p < 0.05, ****p < 0.0001.
Characterization of pathway and genomic variants in FPS groups
To observe the connection between FPS and biological functions, the spearman correlation between ssGSEA scores and FPS was evaluated for each pathway in the h.all.v7.5.1.symbols.gmt gene set. We found that FPS exhibited remarkably negative correlations with metabolism-related pathways and remarkably positive correlations with cell cycle-related pathways (Figure 7A). Further, we found differences in gene mutations between high and low FPS groups. The top five mutated genes in the high FPS group were TP53, FRAS1, NBEA, SETD2, and TG; the top five mutated genes in the low FPS group were TP53, MUC4, SPTA1, BAP1, and DYNC2H1. TP53 was more frequently mutated in the high FPS group (Figure 7B). Whereas, the high FPS group exhibited higher TMB (Figure 7C). Patients in the low-TMB group also exhibited remarkable survival advantage (Figure 7D). HCC patients with low TMB and low FPS developed remarkable survival advantage compared with those with high TMB and high FPS scores (Figure 7E). Moreover, we found that the high FPS group exhibited higher Aneuploidy Score, Fraction Altered, Number of Segments, and Number of Segments compared to the low FPS group (Figure 7F).
[image: Figure 7]FIGURE 7 | Genomic mutation statistics and pathway differences in FPS groups. (A) Biological pathways significantly associated with FPS. (B) Mutation landscape in high and low FPS groups. (C) TMB in high and low groups. (D) K-M survival curves of TMB groups. (E) K-M survival curves in patients with TMB combined with FPS groups. (F) Homologous Recombination Defects, Aneuploidy Score, Fraction Altered, Number of Segments in high and low groups. ***p < 0.001, ****p < 0.0001.
Differences in treatment sensitivity and TME in the FPS groups population
The immune cell infiltration characteristics in HCC samples in FPS grouping were then characterized. According to the CIBERSORT results, T cells regulatory (Tregs), Macrophages M0 exhibited higher infiltration abundance in the high FPS; B cells naïve, T cells CD4 memory resting, Mast cells resting exhibited higher infiltration abundance in the low FPS group (Figure 8A). FPS exhibited remarkable positive correlation with immune checkpoint gene expression and 9-gene expression levels (Figure 8B). According to the immune cell immune score in ssGSEA, MCP-Count, and TIMER algorithms, FPS exhibited remarkable positive correlation with most immune cell immune scores (Figure 8C). Moreover, we found that the TIDE score, IFNG score, Exclusion score, Dysfunction score, and MDSC score were remarkably higher in the high FPS group than in the low FPS group (Figure 8D). In addition, the sensitivity of patients with different FPS to chemotherapeutic agents according to its characteristics was estimated. Notably, patients in the low FPS group were more sensitive to treatment with Erlotinib, Saracatinib, TGX221, and Roscovitine; patients in the high FPS group were more sensitive to treatment with GNF-2, CGP-082996, Pyrimethamine, NSC -87877 were more sensitive (Figure 8E).
[image: Figure 8]FIGURE 8 | TME differences and treatment sensitivity in FPS groups. (A) CIBERSORT results in FPS groups, demonstrating the abundance of 22 immune cell infiltrates. (B) Correlation between FPS and immune checkpoint expression, 9-prognostic factor expression. (C) Correlation of FPS with ssGSEA, MCP-Count, and TIMER immune scores. (D) TIDE score, FNG score, Exclusion score, Dysfunction score, MDSC score in low and high FPS groups. (E) IC50 of Erlotinib, Saracatinib, TGX221, Roscovitine, GNF−2, CGP−082996, Pyrimethamine, NSC−87877 in low and high groups. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, no difference.
Nomogram plots predicting HCC survival
Univariate COX and multivariate COX analyses were performed in TCGA-LIHC by integrating information on Age, Gender, Stage, Grade, and FPS. We identified FPS and Stage as independent clinical prognostic factors for HCC (Figures 9A, B). Therefore, with FPS and Stage information, we constructed nomogram for HCC prognosis (Figure 9C), and the calibration curve indicated that Nomogram predicted 1-year, 3-year, and 5-year survival and actual observations of HCC with high fitting tendency (Figure 9D). According to DCA, we observed that nomogram and FPS possessed excellent clinical observation value (Figure 9E). Finally, we integrated information of Age, Gender, TNM Stage, Stage, Grade, FPS, and nomogram to graph ROC curves for predicting 1-year, 3-year, and 5-year survival of HCC. We found that FPS and nomogram possessed the highest AUC values (Figures 9F–H), therefore, FPS and nomogram were trustworthy prognostic scoring tools for HCC.
[image: Figure 9]FIGURE 9 | Nomogram for Predicting HCC Survival. (A–B) Univariate and multivariate COX analysis of Age, Gender, Stage, Grade, and FPS in TCGA-LIHC. (C) Nomogram constructed from Stage and FPS information. (D) Calibration curves for 1 year, 3 years, 5 years survival. (E) Decision curve. (F–H) ROC curves for multiple factors predicting 1-year, 3-year, and 5-year survival in HCC.
DISCUSSION
HCC remains a major cause of cancer death progressing rapidly (Llovet et al., 2021). Inhibitors of key genes in the Foxo signaling pathway were proposed to be an influential factor for novel targeted therapies for HCC (Sun et al., 2021). Therefore, identification of key regulators in the Foxo signaling pathway was essential to optimize HCC survival and treatment options.
Although a lot of progress in systemic therapy, for example, molecular targeting reagents, HCC is one of the worst prognostic tumors attributed to drug tolerance as well as frequent recurrence and metastasis (Oura et al., 2021). As research deepens, TME is receiving an increasing attention, and for this reason, immunosuppressive therapy has been launched (Llovet et al., 2022). A previous study showed that FOXO1 played a part in macrophages through transcriptionally controlling IRF-1/nitrio oxide (NO) axis and reduced the secretion of IL-6 from macrophages in TME indirectly (Cui et al., 2023). In order to Further explore the relationship between Foxo signaling pathway and TME, we also evaluated the immune landscapes in 3 FMSs molecular subtypes. Interestingly, the FMSs exhibited different immune landscapes. Tregs in the TME of FMS 3 patients exhibited increased infiltration abundance. Previous studies indicated that Tregs were significantly enriched and amplified in progressive HCC with the amplified Tregs leading to CD8+ T cells being depleted or their function being suppressed (Zheng et al., 2017). Another study revealed that in HCC, Tregs infiltration abundance was reduced in TME by inducing apoptosis to inhibit liver carcinogenesis (Zhou et al., 2021). Additionally, lower levels of immune checkpoint gene expression were discovered in FMS 1, and the highest level of immune checkpoint gene expression was demonstrated in FMS 3. Among these immune checkpoint genes, highly expressed CTLA4, LAG3 and TIGIT has been treated as diagnostic biomarkers for colorectal cancer (Sasidharan Nair et al., 2018). These findings altogether may account for the reason for excellent survival advantage in FMS 1 and provide promising therapy targets toward immune checkpoint gene expression discrepancy for HCC patients. The discovery of FMSs would contribute to refine HCC classification and further shed insights into the connections between Foxo signaling pathway, TME and targeted therapies for immune checkpoint gene.
FPS, a prognostic scoring system for HCC, was constrained based on the DEGs in FMSs. HCC patients with high TMB typically exhibited suboptimal prognostic status (Owada-Ozaki et al., 2018). The combined survival analysis of FPS and TMB showed that patients with low FPS and low TMB exhibited an excellent prognostic status. Lower TIDE score, IFNG score, Exclusion score, Dysfunction score, MDSC score were realized in low FPS, suggesting that low FPS are more sensitive to immunotherapy (Peng et al., 2021). In addition, Nomogram, constructed in accordance with FPS, was a potential tool for clinicians to accurately prognosticate patients based on their FPS characteristics.
9 key prognostic genes were screened out to construct an FPS model. Several of them were related to FOXO pathways. Numerous studies have shown that SIRT1, a member of the silent information regulator 2 (Sir2) family, plays an important role in the deacetylation of FOXO and regulation of autophagy in cells (Singh and Ubaid, 2020). Based on FOXO pathways genes, CENP-A was selected. A literature reported that SIRT7 could promote CENP-A assembly in nucleosome and restrain the tumorigenesis in gut (Liu et al., 2020). SIRT7 is also a member of the Sir2 family. Our findings may indicate that the Sir2 gene family has complex regulatory effects on FOXO pathways. Cyclin B2 (CCNB2) belongs to Foxo signaling pathway and is regarded as a promising biomarker for prognosis in LIHC (Li et al., 2021). Anti-silencing function 1b (ASF1b) was discovered as an oncogenic indicator for gastric cancer (Chen et al., 2022). Other study uncovered that ASF1B activated PI3K/AKT/mTOR signaling to promote cisplatin resistance in triple-negative breast cancer cells (Wang et al., 2022). Intestinally, GSEA analysis revealed that cell division cycle associated 8 (CDCA8) regulated gene sets relevant to PI3K/AKT/mTOR signaling (Bi et al., 2018). Collectively, we excavated some genes which were directly or indirectly related to Foxo signaling pathway or Foxo signaling pathway activity.
Notwithstanding original molecular subtype and prognostic tool based on Foxo signaling pathway signature was developed for HCC patients, some limitations need to be solved for future applying. First of all, more clinical statistics are necessary to calibrate the model. Secondly, 9 gens selected for FPS riskscore signature requires more studies on mechanism to confirm their roles as biomarkers for HCC prognosis.
CONCLUSION
Overall, we defined novel molecular subtypes in HCC in accordance with genes in the Foxo signaling pathway, providing new research perspectives in the study of HCC tumor heterogeneity. In this study, we also constructed the HCC prognostic scoring system for Foxo signaling pathway activity characteristics based on DEGs in FMSs, which demonstrated excellent robustness in assessing HCC prognosis, immune activity, and mutational status. Encouragingly, the FPS also exhibited excellent and promising outcome in guiding HCC drug selection. The clinical value of FPS was not further validated in a large sample of clinical cases. Further prospective trials are needed to investigate the prognostic value and therapeutic guidance of FPS in the future.
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Background: In patients with hepatocellular carcinoma (HCC), the tumor microenvironment (TME) is resistant to immunotherapy because of its specificity. It is meaningful to explore the role of macrophage, which is one of the most abundant immune cells in the TME, in cellular communication and its effect on the prognosis and immunotherapy of HCC.
Methods: Dimensionality reduction and clustering of the single-cell RNA-seq data from the GSE149614 dataset were carried out to identify the cellular composition of HCC. CellChat was used to analyze the communication between different cells. The specifically highly expressed genes of macrophages were extracted for univariate Cox regression analysis to obtain prognostic genes for HCC cluster analysis, and the risk system of macrophage-specifically highly expressed genes was developed by random forest analysis and multivariate Cox regression analysis. Prognosis, TME infiltration, potential responses to immunotherapy, and antineoplastic drugs were compared among molecular subtypes and between risk groups.
Results: We found that HCC included nine identifiable cell types, of which macrophages had the highest communication intensity with each of the other eight cell types. Of the 179 specifically highly expressed genes of macrophage, 56 were significantly correlated with the prognosis of HCC, which classified HCC into three subtypes, which were reproducible and produced different survival outcomes, TME infiltration, and immunotherapy responses among the subtypes. In the integration of four macrophage-specifically highly expressed genes for the development of a risk system, the risk score was significantly involved in higher immune cell infiltration, poor prognosis, immunotherapy response rate, and sensitivity of six drugs.
Conclusion: In this study, through single-cell RNA-seq data, we identified nine cell types, among which macrophage had the highest communication intensity with the rest of the cell types. Based on specifically highly expressed genes of macrophage, we successfully divided HCC patients into three clusters with distinct prognosis, TME, and therapeutic response. Additionally, a risk system was constructed, which provided a potential reference index for the prognostic target and preclinical individualized treatment of HCC.
Keywords: hepatocellular carcinoma, macrophage, molecular subtype, random forest, prognosis, immunotherapy, chemotherapy, targeted drugs
INTRODUCTION
The liver is a crucial organ with fundamental metabolic and immunological activities that sits at the crossroad of confluence of intestinal and systemic blood circulation, making it a prime location for multi-factor organ interactions (Kohlhepp et al., 2023). Approximately 844 million people worldwide are estimated to suffer from liver disease (Ramachandran et al., 2020). With a mortality-to-morbidity ratio of 0.95 (Chen et al., 2020), liver cancer is the most dangerous form of liver illness, and hepatocellular carcinomas (HCCs) are the most diagnosed malignancies of liver origin. The “trilogy pattern” describes how HCC develops and is characterized by cirrhosis, hepatitis B, and liver cancer (Liao et al., 2023). HCC is difficult to diagnose because symptoms do not occur until advanced stage or distant metastasis. Therefore, patients do not respond well to treatment, and cell diversity and complexity are believed to be key factors leading to treatment failure and fatal outcomes.
Using bulk RNA sequencing data, biomarkers for the diagnosis and prognosis of HCC are screened. For example, in a pan-cancer genomic study, PHF19 was uncovered to be a carcinogenic factor for HCC (Zhu et al., 2021). Several complement genes (C1R, C6, C7, CFP, and CFHR3) were also identified to be prognostic biomarkers in HCC patients (Qian et al., 2022). Moreover, immune- (Xin et al., 2022) and ferroptosis-related (Lin and Yang, 2022) long non-coding RNAs were also reported to be prognostic indicators for HCC. Notwithstanding great progress in distinguishing biomarkers based on bulk RNA sequencing data, these findings focused on mixed cells of HCC tissues and detected only an average gene expression level of mixed cells.
One of the most accurate ways to determine cell identification, status, function, and reaction is to examine the activity of its genes. At the transcriptome level, single-cell RNA sequencing (scRNA-seq) analysis offers a way to categorize, describe, and distinguish each cell (Jovic et al., 2022). In recent years, scRNA-seq technology has been increasingly applied in HCC studies, which has been used to analyze individual cells in tumor cells, tumor stem cells, and the tumor microenvironment (TME) (Zheng et al., 2018; Sun et al., 2021). As one of the main drivers of tumor heterogeneity, the TME is acknowledged as a highly dynamic network throughout cancer incidence, progression, and prognosis, as well as therapeutic treatments (Zhou et al., 2021). Tumor-associated macrophages (TAMs), as one of the most numerous immune cells invading the TME, are present at all stages of HCC development and play a crucial role as coordinators of disease course. TAMs play a critical role in the immune response and disease evolution, from benign tumors to malignant tumors, promoting angiogenesis immunosuppression, treatment resistance, and metastasis (Kohlhepp et al., 2023; Zheng et al., 2023). Presently, by eliminating existing TAMs, blocking TAM recruitment, reprogramming TAM polarization, regulating TAM products, and restoring TAM phagocytosis, targeted TAM therapy for HCC has achieved promising results (Xu et al., 2022). Qu et al. (2022) proposed a prognostic signature model applying M2-like macrophage-related biomarkers. However, comprehensive macrophage-related preclinical models are still needed to identify macrophage-targeted therapy.
In this study, we detected the cellular composition of HCC by scRNA-seq analysis, defined the type of HCC, constructed a risk system according to the specifically highly expressed genes of macrophages, and used it for prognosis assessment, immunotherapy response prediction, and drug screening, which provided clues for further clinical research of TAMs as a potential therapeutic direction of HCC.
MATERIALS AND METHODS
Download and preprocessing of scRNA-seq and RNA-seq data
The scRNA-seq dataset and RNA-seq dataset of HCC were downloaded by accessing the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/), and the scRNA-seq dataset was numbered GSE149614. There were two HCC RNA-seq datasets from the GEO database, GSE76427 and GSE14520. Other available RNA-seq datasets for HCC include TCGA-LIHC (https://portal.gdc.cancer.gov/) and HCCDB18. In addition, RNA-seq data and prognostic information about the immunotherapy cohort IMvigor210 (bladder cancer) (http://research-pub.gene.com/IMvigor210CoreBiologies), GSE91061 (melanoma), GSE135222 (non-small-cell lung cancer), and GSE78220 (melanoma) datasets were obtained. For the GSE149614 dataset, the following quality control indicators were used to eliminate gene expression interference in low-quality cells: 200 < total number of expressed genes per cell (nGenes); 200 < total number of UMIs per cell; percentage of unique molecular identifiers (UMIs) mapped to mitochondrial genes (MT%) < 10%; and unit read counts the ratio of the number of genes (log10GenesPerUMI) > 0.8. For RNA-seq datasets, samples that lack clinical follow-up information and survival data were removed, and for genes with multiple probes (for GEO data) or transcripts (for TCGA data), the median expression was used as the expression level for analysis.
Dimension reduction and clustering of scRNA-seq data
Seurat includes a variety of built-in functions for dimensionality reduction and clustering of scRNA-seq data (Hao et al., 2021). First, to eliminate technical noise or bias and ensure comparability between each unit, the log-normalization function was used for standardization. The feature subset that shows high intercellular variation in the dataset is also called a highly variable gene (HVG), and its quality greatly impacts the accuracy of clustering. The FindVariableFeatures function in Seurat was used to detect the HVG. The samples were integrated, and the FindIntegrationAnchors function found the integration anchors. The IntegrateData function converted the anchor information into an integrated expression matrix. Before clustering, principal component analysis (PCA) is required for dimension reduction, which can not only reduce the indicators to be analyzed but also retain the original data information as much as possible (Pei et al., 2023). The clustering of cells was mainly based on two functions: FindNeighbors and FindClusters. Biological annotation in each cluster was examined to serve the basis for follow-up analysis (Jovic et al., 2022). The cluster was marked by automatic annotation through CellMarker 2.0 and manual annotation according to related studies (Peng et al., 2019; Su et al., 2021).
Analysis of intercellular communication
Intercellular communication networks from scRNA-seq data can be quantitatively inferred, analyzed, and visualized using CellChat (Jin et al., 2021). The gene expression data of different cell types identified in GSE149614 were input into CellChat (Chi et al., 2023a), and the CellChatDB.human file was used as a reference to generate a network map of the number and intensity of interactions between cells.
Clustering of HCC was performed by identifying macrophage-specifically highly expressed genes
The specifically highly expressed genes of macrophages identified in GSE149614 were extracted, and univariate Cox regression analysis was carried out according to their expression in the TCGA-LIHC cohort. Prognostic factors were selected for consensus clustering analysis in ConsensusClusterPlus (Wilkerson and Hayes, 2010). The cumulative distribution function (CDF) curve, delta area curve, and consensus matrix were generated for different k-values to demonstrate the optimal clustering effect (Yuan et al., 2022).
Analysis of the genome variation map among subgroups
Mutated data in MAF format exported by TCGA’s mutect2 was processed using the “maftools” package in the R package (Miao et al., 2022). The total number of mutations in the sample was measured, and the genes with mutation number > 3 were identified. The high-frequency mutation genes of subgroups were screened by Fisher’s exact test and could be viewed as a waterfall map. Niknafs et al. discovered that immune checkpoint blockade treatment response is correlated with persistent tumor mutation burden (pTMB), which includes mutations in single-copy areas and those present in multiple copies per cell (Niknafs et al., 2023). pTMB was calculated and compared between subgroups according to different calculation methods.
Immune and stromal fraction analysis of the tumor microenvironment
The cell types that make up HCC were identified in GSE149614, and the differences in the content of the identified cell types among macrophage subgroups were evaluated in the TCGA-LIHC cohort. The total infiltrating stromal cell scores and total immune cell scores in the TME were calculated using ESTIMATE (Yoshihara et al., 2013). Based on RNA-seq data, MCP-counter (Becht et al., 2016) inferred the absolute infiltration abundance of eight immune cells and two stromal cells. A previous study provided a way to calculate a comprehensive view of the immune landscape in the TME, immunophenoscore (Charoentong et al., 2017), in which the levels of infiltration of 28 types of immune cells in HCC samples were assessed.
Screening prognostic model gene indexes from macrophage-specifically highly expressed genes using the machine learning method
Random forest is a compositional supervised learning method. “RandomForestSRC,” developed by Ishwaran and Kogalur (2016), calculated the importance of each gene during the training of macrophage-specifically highly expressed genes and ranked them from high to low and then chose the genes. Then, the stepAIC function of MASS helps eliminate the genes that cause multiple collinearities, and the remaining genes became the indexes of the prognostic model, and the equation was [image: image].
Here, “Coef” and “Exp” refer to the Cox regression coefficient and expression level of the gene, respectively.
Prognostic performance evaluation of the risk model
A prognostic model was used to quantify the risk score of samples in the training set (TCGA-LIHC cohort) and three independent verification sets (HCCDB18, GSE76427, and GSE14520). The “survminer” package divided the risk group for each cohort according to the risk score and generated a Kaplan–Meier curve (Chen et al., 2022). The “survivalROC” package generated a time-dependent receiver operating characteristic (ROC) curve based on the risk score (Dong et al., 2023). The closer the area under the ROC curve (Hao et al., 2021) is to 1, the more accurate the model is in predicting prognosis.
Pathway correlation analysis of the risk score
Single-sample gene set enrichment analysis (ssGSEA) calculated the enrichment score for each sample paired with a gene set (Chi et al., 2023b). The h.all.v7.4.symbols.gmt gene set and 13 core biological pathway gene signatures were used here, the former obtained from the Molecular Signatures Database (MSigDB) (Liberzon et al., 2015) and the latter from the study by Mariathasan et al. (2018). The correlation between the gene set membership score or pathway enrichment score and the risk score was defined by Pearson’s correlation analysis.
Analysis of immunotherapy response
Tumor Immune Dysfunction and Exclusion (TIDE) was produced to predict the potential response to immunotherapy; the TIDE score was calculated, which consists of two parts, dysfunction score and exclusion score, and the levels of the two parts are usually negatively correlated in cancer (Jiang et al., 2018). When the immune dysfunction gene has a higher weight, the weight of the immune dysfunction gene and the respective expression amount are multiplied and then added together to obtain the dysfunction score. The exclusion score was summed up by multiplying the expression of the exclusion genes with higher weight.
Drug sensitivity prediction
The “pRRophetic” package (Geeleher et al., 2014) used the gene expression matrix adopted the linearRidge function of the Ridge package through the internal algorithm to carry out the ridge regression analysis to complete the prediction of drug sensitivity and further combined with the sample grouping file to find the drugs with different sensitivities under different groups.
Cell culture and transfection
HCC cells (Hep3B and Huh7) were purchased from the Typical Culture Reserve Center of China (Shanghai, China), and human hepatocytes (THLE-2) were purchased from Cellcook Biotech Company (Guangzhou, China). Hep3B and Huh-7 cells were cultured in DMEM (Gibco, United States), while THLE-2 cells were cultured in BEGM (Gibco, United States) supplemented with fetal bovine serum (Gibco, United States) and penicillin/streptomycin at 37°C under 5% CO2. The negative control small interfering NC (si NC), PPT1 siRNA, and SAT1 siRNA (Sagon, China) were transfected into the cells utilizing Lipofectamine 2000 (Invitrogen, United States). The primer sequences for PPT1 siRNA and SAT1 siRNA are listed in Table 1.
TABLE 1 | Primer sequences for PPT1 siRNA and SAT1 siRNA.
[image: Table 1]Quantitative real-time polymerase chain reaction
TRIzol (Thermo Fisher, United States) reagent was used to extract the total RNA from Hep3B, Huh-7, and THLE-2 cell lines. cDNA was created from 500 ng of RNA using the HiScript II SuperMix (Vazyme, China). The PCR amplification conditions comprised 46 cycles of 94°C for 10 min, 94°C for 10 s, and 60°C for 45 s. GAPDH acted as the internal reference. The primer sequences for target genes are listed in Table 2.
TABLE 2 | Primer sequences for PPT1, DAB2, FTL, SAT1, and GAPDH.
[image: Table 2]Cell viability detection
Cell viability was detected using the Cell Counting Kit-8 assay (Beyotime, China). Cells from different treatments were cultured in 96-well plates at a density of 1 × 103 cells per well. CCK-8 solution was applied at the indicated time points. After incubation at 37°C for 2 h, the OD 450 values of each well were detected using a microplate reader (Thermo Fisher, United States).
Statistical analysis
All statistical analyses and visualizations were implemented by using R software. The statistical tests used included Student's t-tests, Fisher’s exact test, chi-square test, and Kruskal–Wallis test. For all statistical results, p < 0.05 was regarded as a significant difference, marked with *.
RESULTS
Cellular composition and intercellular communication in HCC
To study the cellular composition of HCC, single-cell transcriptomes for 22 samples from four relevant sites from GSE149614 were collected, and 63,977 cells were reserved for differentiation after quality control. Unsupervised cell clustering revealed nine cell types based on the expression of lineage-specific marker genes: hepatocytes, B cells, fibroblasts, endothelial cells, T cells, plasmacytoid dendritic cells (pDCs), myeloid cells, NK cells, and macrophages (Figure 1A). Each cell type contained specific highly expressed genes, such as CDH5, PLV AP, VMF, and CLDN5 to endothelial cells; CD2, CD3D, CD3E, and CD3G to T cells; COL1A1, COL1A2, and DCN to fibroblasts; CD14, CD163, and CD68 to macrophages; CD79A and CD79B to B cells; LYZ to myeloid cells; KLRF1, FGFBP2, and KLRC1 to NK cells; FCER1A and LILRA4 to pDCs; and SERPINA1 and HNF4A to hepatocytes (Figure 1B). The composition proportion of cell types in tissue samples showed that the distribution proportion of nine kinds of cells in each sample was different; hepatocytes, T cells, and macrophages were the main cell types of HCC (Figure 1C). FindAllMarkers also helped identify specifically highly expressed genes for each type of cell (Figure 1D). According to the results of CellChat analysis and visualization, the communication intensity between the nine kinds of cells was determined. By disassembling the interaction between each cell and the other eight kinds of cells, it was found that the cell with the highest intensity of communication with B cells, endothelial cells, myeloid cells, NK cells, and pDCs was macrophages. At the same time, macrophage was also one of the cells with the strongest communication with fibroblasts, hepatocytes, and T cells (Supplementary Figure S1). These results reflected the important role of macrophage in HCC.
[image: Figure 1]FIGURE 1 | Cellular composition of HCC. (A) Uniform Manifold Approximation and Projection (UMAP) visualizes the distribution of cell types in GSE149614. (B) The distribution proportion and expression level of specific genes in each type of cell. (C) The proportion of cell types in each tissue sample in GSE149614. (D) The volcano map shows the differential marker genes for each type of cell.
Three subtypes of HCC were defined according to the specifically highly expressed gene of macrophage
A total of 179 specifically highly expressed genes were filtered in macrophage, and their prognostic significance in the TCGA-LIHC dataset was calculated by univariate Cox regression analysis. A total of 56 genes were identified as prognosis-related genes. The types of samples in the TCGA-LIHC dataset were defined according to the expression of 56 genes; k-values that could not simultaneously meet the CDF decline were not so drastic, and the CDF value which was not too small was found. The optimal k value that met the criteria was initially set as 3 (Figures 2A, B). A consensus clustering heatmap showed the clustering of the samples in the TCGA-LIHC cohort and GSE14520 cohort at k = 3, and it seems reasonable to divide the HCC samples in these two cohort groups into three categories (Figures 2C, D). The different distribution of samples when three clusters were divided was observed through PCA, which further confirmed the reliability of dividing the TCGA-LIHC cohort and GSE14520 cohort into three subtypes (Figures 2E, F). The subtypes of the TCGA-LIHC cohort and GSE14520 cohort had the same survival trend. At any time, C2 had the greatest chance of survival, C3 had the least chance of survival, and C1 had a greater chance of survival than C3 and less than C2 (Figures 2G, H).
[image: Figure 2]FIGURE 2 | Three subtypes of HCC were defined according to the marker gene of macrophage. (A) CDF when k takes different values. (B) Consensus clustering delta area curve for each category number k compared with K–1. (C) A consensus clustering heatmap dividing the sample in the TCGA-LIHC cohort into three subgroups. (D) The heatmap for generating three clusters in the GSE1452 cohort when k takes 3. (E) PCA shows the different distributions of samples in TCGA-LIHC when three clusters are divided. (F) The PCA of GSE14520 cohort shows the distribution of the sample. (G, H) Subtype survival trends in the TCGA-LIHC cohort and GSE14520 cohort. The significance of the difference was marked with *, *p < 0.05, and ns, no difference.
Genomic alterations and clinical features of three macrophage-related subtypes
The differences of three macrophage-related subtypes were compared in terms of genomic characteristics and clinicopathological features. A total of 39 high-frequency mutant genes showed significant differences in mutation rates among three macrophage-related subtypes, among which the mutation rate of TP53, the most common mutation gene in human cancer, was 26.49% in C1, 20.19% in C2, and 49.21% in C3. The gene with the highest mutation rate in C2 was CTNNB1 (40.38%), and the mutation rate in C1 and C3 was 20.54% and 9.52%, respectively. The gene PLA2R1 with the third highest mutation rate in C1 had a mutation rate of 4.81% in C2, but no mutation was found in C3 (Figure 3A). Among the three macrophage-related subtypes, the pTMB of C2 with the best prognosis was significantly higher than that of C3 with the worst prognosis (Figure 3B). The characteristics of N stage, M stage, stage and grade, age, sex and, T-stage distribution were similar among the three macrophage-related subtypes without statistical difference (Figure 3C).
[image: Figure 3]FIGURE 3 | Genomic alterations and clinical features of three macrophage-related subtypes. (A) The waterfall map shows the mutation rates of the 20 genes with the highest mutation rates in three macrophage-related subtypes. (B) PTMB differences among three macrophage-related subtypes. (C) Age, gender, T stage, N stage, M stage, and stage and grade distribution among three macrophage-related subtypes. The significance of the difference was marked with * and ****p < 0.0001.
Discriminations in signaling pathways and immunological features of three macrophage-related subtypes
By analyzing the enrichment of different biological pathways among subtypes, it was clearly found that C2 was the subtype most significantly negatively correlated with tumor-promoting signal pathways (such as TGF-β signaling, PI3K-AKT mTOR signaling, KRAS signaling up, and epithelial–mesenchymal transition) and immune activation pathways (such as inflammatory response, complement, interferon alpha response, and interferon gamma response) among three macrophage-related subtypes (Supplementary Figure S2). The nine kinds of cells identified in HCC also showed different distribution contents among three macrophage-related subtypes. The relative content of these nine kinds of cells in C2 was the least, while that in C3 was the highest (Figure 4A). The ESTIMATE score, immune score, and stromal score also showed significant differences among the three macrophage-related subtypes. The trend of the three indexes in the three macrophage-related subtypes was the same, which was the lowest in C2 and the highest in C3 (Figure 4B). Consistent with the results of ESTIMATE evaluation, the immune cells and stromal cells evaluated by MCP-counter and ssGSEA also showed different abundance levels in the three macrophage-related subtypes, with the lowest abundance in C2 and the highest abundance in C3 (Figures 4C, D). Additional CIBERSORT analysis illustrated the difference in macrophage subtypes with the highest score of macrophages_M0 in the C3 cluster and the lowest in the C2 cluster (Figure 4E). Immunological features were carried out in three clusters of the GSE14520 cohort with similar findings (Supplementary Figure S3).
[image: Figure 4]FIGURE 4 | Discriminations in signaling pathways and immunological features of three macrophage-related subtypes. (A) Differences in the distribution of nine kinds of cells among three macrophage-related subtypes identified by scRNA-seq analysis. (B) ESTIMATE analysis. (C) MCP-counter analysis. (D) ssGSEA analysis. (E) CIBERSORT analysis. The significance of the difference was marked with *, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, and ns, no difference.
Different responses of three macrophage-related subtypes to immunotherapy and anti-tumor drugs
To screen the subtypes that were expected to be more suitable for immunotherapy from the three macrophage-related subtypes, TIDE was used to calculate the TIDE score and the potential response rate to immunotherapy based on the RNA-seq data of three macrophage-related subtypes in TCGA-LIHC and GSE14520. The three macrophage-related subtypes in TCGA-LIHC showed significant differences in the TIDE score, dysfunction score, and exclusion score distribution and response rate to immunotherapy. Compared to C1 (40%) and C3 (17%), C2 had a much greater response rate to immunotherapy at 66% (Figure 5A). The three macrophage-related subgroups in the GSE14520 cohort showed significant variations in the TIDE score, exclusion score distribution, and immunotherapy response rate. The response rate of C2 to immunotherapy in this cohort was also the highest among the three macrophage-related subtypes and was significantly higher than that of C1 and C3 (Figure 5B). Although C2 was most suitable for immunotherapy, this subtype was the most resistant subtype of the three macrophage-related subtypes to sunitinib, paclitaxel, imatinib, dasatinib, pyrimethamine, and bortezomib (Figures 5C, D).
[image: Figure 5]FIGURE 5 | Different responses of three macrophage-related subtypes to immunotherapy and anti-tumor drugs. (A) TIDE score, dysfunction score, and exclusion score distribution and response rate to immunotherapy of three macrophage-related subtypes in TCGA-LIHC dataset. (B) The distribution of the TIDE score, dysfunction score, and exclusion score and the response rate to immunotherapy of the three macrophage-related subtypes in the GSE14520 cohort. (C) IC50 values of sunitinib, paclitaxel, imatinib, dasatinib, pyrimethamine, and bortezomib in the three macrophage-related subtypes of the TCGA-LIHC dataset. (D) The sensitivity of sunitinib, paclitaxel, imatinib, dasatinib, pyrimethamine, and bortezomib in the three macrophage-related subtypes of the GSE14520 cohort. The significance of the difference was marked with *, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, and ns, no difference.
Construction and verification of the risk system consisting of important macrophage-specifically highly expressed genes
The random forest algorithm was utilized to carry out macrophage marker gene selection, and the out-of-bag error was used as an index to quantify the classification error and evaluate performance. A total of 10 important specifically highly expressed genes, namely, STA1, FCER1G, FTL, MARCKS, CPVL, DAB2, RGL1, CD68, CD63, and PPT1, were selected according to the relationship between the error rate and the number of classification trees and the out-of-bag feature importance of macrophage-specifically highly expressed genes (Figures 6A, B). Stepwise multivariate regression analysis realized the development of a risk system according to the following formula: risk score = 0.293× PPT1 + 0.149× DAB2 +0.148× FTL-0.204× SAT1 (Figure 6C). Using this risk system, each sample in the TCGA-LIHC cohort, GSE14520 cohort, HCCDB18 cohort, and GSE76427 cohort was assigned a risk score, and a higher risk score was significantly associated with a poor prognosis in each cohort. However, the time at which the risk system maximizes the accuracy of survival prediction was different in different cohorts. For example, the performance of predicting 1-year overall survival (OS) in the TCGA-LIHC cohort and GSE14520 cohort was the best, and the AUC of ROC was 0.72 and 0.74, respectively. The prediction accuracy of the risk system for 3-year OS of the HCCDB18 cohort was the highest, reaching 0.74, while the prediction accuracy of 5-year OS (AUC = 0.81) of the GSE76427 cohort was much higher than that of 1-year (AUC = 0.7) and 3-year OS (AUC = 0.67) (Figures 6D–G).
[image: Figure 6]FIGURE 6 | Construction and verification of the risk system consisting of important macrophage marker genes. (A) The relationship between the number of classification trees and error rate and the out-of-bag feature importance of macrophage marker genes. (B) Random survival forest variable hunting analysis. (C) Multivariate Cox regression forest map of four macrophage marker genes in the risk system. (D–G) The prognostic predictive performance of the risk system was evaluated in TCGA-LIHC, GSE14520, HCCDB18, and GSE76427 cohorts: Kaplan–Meier survival curve and ROC curve.
Predictability of the risk model to TME characteristics, immunotherapy response, and drug sensitivity
We found 35 pathways showing significant differences between the two risk groups. The risk score was positively correlated with immune and carcinogenic pathways but negatively correlated with metabolic pathways in these 35 pathways, including oxidative phosphorylation, fatty acid metabolism, peroxisome, bile acid metabolism, and xenobiotic metabolism (Figure 7A). The risk score was highly positively correlated with the cell cycle, DNA damage response (DDR), DNA replication, mismatch repair, and homologous recombination (Figure 7B). Among the nine kinds of cells that comprise HCC identified by scRNA-seq analysis, the content of endothelial cells in the low-risk sample was significantly higher than that in the high-risk sample, while the content of macrophages, myeloid cells, and pDCs was significantly increased in the high-risk sample compared with the low-risk sample (Figure 7C). The immune score, immune cells including B lineage, myeloid dendritic cells, activated/central memory CD4 T cells, T cells, monocytic lineage, CD8 T cells, CD4 T cells, macrophage, regulatory T cells, cytotoxic lymphocytes, and activated dendritic cells had significantly higher abundances in high-risk samples than in low-risk samples (Figures 7D–F). CIBERSORT analysis not only validated the B- and T-cell differences but also distinguished the macrophage subtype discrepancies between the two risk groups. Higher proportions of macrophage_M0 and lower proportions of macrophage_M1 were observed in the high-risk group, while the low-risk group displayed the opposite phenomenon (Figure 7G). TME characteristics were executed in two risk groups of the GSE14520 cohort with analogous observations (Supplementary Figure S4). Moreover, the high-risk group was significantly relevant to the high TIDE score, exclusion score, and low dysfunction score (Figure 8A). Macrophage-specifically highly expressed genes PPT1 and DAB2 and risk score in the risk system showed a significant positive correlation with the TIDE score and exclusion score, while SAT1 showed significant negative correlation with the dysfunction score (Figure 8B). There was a very significant difference in the response rate to immunotherapy between the two risk groups, with a potential response rate of 51% in the low-risk group and 23% in the low-risk group (Figure 8C). The correlation analysis between the risk score and the sensitivity of anticancer drugs showed that the risk score was significantly linked with the sensitivity of most drugs such as pyrimethamine, vinblastine, and masitinib (Figure 8D).
[image: Figure 7]FIGURE 7 | Predictability of the risk model to TME characteristics. (A) The correlation between the risk score and 35 pathways that showed significant differences between the high-risk group and low-risk group (X means p > 0.05). (B) The association between the risk score and 13 core biological pathways (X means p > 0.05). (C) Differences in the distribution of nine kinds of cells among three macrophage-related subtypes identified by scRNA-seq analysis. (D) ESTIMATE analysis. (E) MCP-counter analysis. (F) ssGSEA analysis. (G) CIBERSORT analysis. The significance of the difference was marked with *, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, and ns, no difference.
[image: Figure 8]FIGURE 8 | Predictability of the risk model to immunotherapy response and drug sensitivity. (A) TIDE score, dysfunction score, and exclusion score of high-risk and low-risk groups. (B) Pearson’s correlation analysis of macrophage marker genes and risk score in the risk system with TIDE score, dysfunction score, and exclusion score. (C) The response rate of the two risk groups to immunotherapy. (D) Drug sensitivity prediction. The significance of the difference was marked with *, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001.
Predictability of the risk model for prognosis and immunotherapy responses in different immunotherapy cohorts
Survival analysis and immunotherapy response assessment were performed in four immunotherapy cohorts according to the risk system. The risk system significantly distinguished the 2-year survival rate between high-risk and low-risk samples in the IMvigor210 cohort. Responses to immunotherapy comprised four conditions: complete response (Becht et al., 2016), partial response (Becht et al., 2016), stable disease (Liberzon et al., 2015), and progressive disease (PD). Here, 39% of the low-risk group responded to immunotherapy, while 20% of the high-risk group responded to immunotherapy (Figure 9A). The OS of the GSE135222 cohort was also differentiated under the calculation of the risk model, and the difference in response rates to immunotherapy was significant between the two risk groups (low vs. high = 67% vs. 11%) (Figure 9B). The risk model failed to significantly predict survival and immunotherapy differences in the GSE78220 cohort, with all samples in the high-risk group progressing to PD and 17% of those in the low-risk group achieving CR to immunotherapy (Figure 9C). The risk model could significantly identify the difference in the 3-year prognosis of patients in the GSE91061 dataset but could not significantly distinguish the difference in immunotherapy response between the two risk groups (Figure 9D).
[image: Figure 9]FIGURE 9 | Predictability of the risk model for prognosis and immunotherapy responses in different immunotherapy cohorts. (A) Risk model assesses prognosis and immunotherapy response in the IMvigor210 cohort. (B) The prognosis and immunotherapy response rate of samples in the GSE135222 cohort were predicted according to the risk model. (C) The risk model predicted the outcome of prognosis and immunotherapy response in the GSE78220 cohort. (D) Discrimination of patient prognosis and immunotherapy response by the risk model in the GSE91061 dataset.
Validation of the expression of four model genes in HCC cells
To verify the efficacy of our predictive model, we validated the expression of PPT1, DAB2, FTL, and SAT1 using PCR in HCC cells (Hep3B and Huh7), as well as human normal hepatocytes (THLE-2). We found that PPT1 and FTL were highly expressed in hepatocellular carcinoma cell lines, while DAB2 and SAT1 were highly expressed in human hepatocytes (Figures 10A–D). We then used siRNA to inhibit the expression of PPT1 in HCC cell lines and SAT1 in human hepatocytes THLE-2. The results of PCR assay showed that the siRNA possessed good transfection efficiency (Figures 10E–G). We then verified the cell viability of HCC cell lines after inhibition of PPT1 in Hep3B and Huh7 cell lines using CCK8 experiments. The results displayed that cell viability decreased after inhibition of PPT1 (Figures 10H, I). All the aforementioned results validate the reliability of our prediction model.
[image: Figure 10]FIGURE 10 | Experimental validation of predictive models. (A–D) PCR was performed to detect the expression of PPT1, DAB2, FTL, and SAT1 in THLE-2, Hep3B, and Huh-7 cells. (E–F) The inhibitory efficiency of si PPT1 was verified in Hep3B and Huh-7 cell lines. (G) The inhibitory efficiency of si SAT1 was verified in THEL-2 cells. (H) Alterations in cell viability following inhibition of PPT1 expression in Hep3B cells. (I) Alterations in cell viability following inhibition of PPT1 expression in Huh-7 cells. N = 3. The significance of the difference was marked with *, *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001. The results are presented as the mean ± SEM.
DISCUSSION
HCC is a common liver disease, and its progression is regulated by the immune system (Donne and Lujambio, 2023). The main cellular components of HCC include cancer cells, immune cells, and stromal cells, and the relationship between different cell types and clinical relevance of HCC is not clear (Arvanitakis et al., 2023). Immune cells are considered to be the main contributors to tumor immunosuppression, anti-tumor drug resistance, and tumor clearance. T cells (36%) accounted for the highest proportion of all immune cell types in HCC, followed by NK cells (29%) and macrophages (25%) (Zhang et al., 2022). In this study, we found that HCC was composed of nine types of cells through scRNA-seq analysis, with hepatocytes, T cells, and macrophages accounting for the highest proportion. The sequencing results of a previous study showed that specific TAMs are a hub node that connects different cell groups in the cell–cell interaction network and can regulate tumorigenesis and anti-tumor immunity (Zhou et al., 2021). In this study, through the analysis of the communication between nine kinds of cells, we found that the cell with the highest intensity of communication with B cells, endothelial cells, myeloid cells, NK cells, and pDCs was macrophages. At the same time, macrophage was also one of the cells with the strongest communication with fibroblasts, hepatocytes, and T cells, which also reflected the hub role of macrophage in HCC.
There is important evidence that TAM-based immune classification may provide tools for customized chemotherapy and immunotherapy (Sun et al., 2022). In this study, the subtype of HCC was defined according to the marker genes of macrophage. We identified 56 prognosis-related genes in the 179 specifically highly expressed genes of macrophage and classified HCC into three subtypes according to their level in the transcriptome. The subtypes with the best and worst prognoses were C2 and C3, respectively. Indicators related to immunotherapy response, including pTMB and TIDE score, showed significant differences between C2 with the best prognosis and C3 with the worst prognosis. C2 showed the highest pTMB and response rate of immunotherapy and the lowest TIDE score, which indicated that C2 was the most suitable subtype of immunotherapy among the three subtypes. For C3 with the worst prognosis, we found that this subtype was more suitable for targeted therapy and chemotherapy than C2 and was sensitive to sunitinib, paclitaxel, dasatinib, pyrimethamine, and bortezomib.
Identifying specific macrophage markers to design targeted and personalized drugs is essential for the prevention and treatment of malignant liver tumors (Cheng et al., 2022). The effectiveness of macrophage markers as a strategy for designing patient prognostic gene classifiers has been applied in a variety of cancers, such as glioma (Sun et al., 2019), prostate cancer (Siefert et al., 2021), bladder cancer (Jiang et al., 2022), and triple-negative breast cancer (Bao et al., 2021). In this study, Cox regression analysis and random survival forest analysis were applied to select four genes from 179 specifically highly expressed genes of macrophage to achieve the development of the risk system. Among them, PPT1 (Palmitoyl protein thioesterase 1) is highly expressed in HCC tissues, especially in macrophages. The research further revealed that HCC patients with low intra-tumoral PPT1+ macrophage infiltration tend to have a survival advantage, indicating that targeting PPT1 may serve as an immunotherapeutic biomarker in HCC (Weng et al., 2023). DAB2 (disabled-2) is highly expressed in tumor-infiltrating TAM, and its genetic ablation can significantly damage the formation of lung metastasis. DAB2 is associated with poor prognosis of human lobular breast and gastric carcinomas (Marigo et al., 2020). Furthermore, the overexpression of DAB2 eliminated the effectiveness of dendritic cell vaccines in the context of dendritic cell-relevant tumor immunotherapy (Ahmed et al., 2015). Hypoxia-inducible FTL (ferritin light chain), one of the hub ferroptosis regulators (Yan et al., 2023), functions as a new biomarker for the responsiveness to temozolomide in glioblastoma, as well as a prognostic marker (Liu et al., 2020a). SAT1 (spermidine/spermine-N1-acetyltransferase 1) was chosen as a protective factor to construct a ferroptosis-relevant prediction model in HCC patients (Wang et al., 2021). Further research demonstrated that the expression of SAT1 was repressed in HCC tumor tissues compared with normal liver tissues (Long et al., 2023), which was also demonstrated in our validation test. The tumor-suppressor protein, p53, was discovered to have the ability to induce ferroptosis and inhibit tumor growth through facilitating SAT1 expression (Liu et al., 2020b). In this research, these four genes may be treated as novel marker genes of macrophage in HCC. In addition, PPT1 and DAB2 may also serve as new markers for immunotherapy.
In this study, our analysis showed that the risk system integrated with these four genes showed accuracy and reliability in predicting OS in all four HCC cohorts, and it also helped screen patients suitable for immunotherapy and predict the sensitivity of some targeted drugs and chemical drugs to patients, which may be beneficial to the choice of personalized treatment options for patients.
To sum up, the current study applied scRNA-seq analysis to determine nine types of cells in HCC and to identify the core role of macrophage in HCC. Moreover, three HCC models with different prognoses, TME, and immunotherapy response levels were defined according to specifically highly expressed genes in macrophages, and a risk system based on the aforementioned macrophage genes was constructed, which provided a new insight into the prognosis target and preclinical personalized treatment choice of HCC.
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Abstract
Exosomes are small membrane vesicles of endocytic origin that are produced by both tumor and normal cells and can be found in physiological fluids like plasma and cell culture supernatants. They include cytokines, growth factors, proteins, lipids, RNAs, and metabolites and are important intercellular communication controllers in several disorders. According to a vast amount of research, exosomes could support or inhibit tumor start and diffusion in a variety of solid and hematological malignancies by paracrine signaling. Exosomes are crucial therapeutic agents for a variety of illnesses, such as cancer and autoimmune diseases. This review discusses the most current and encouraging findings from in vitro and experimental in vivo research, as well as the scant number of ongoing clinical trials, with a focus on the impact of exosomes in the treatment of malignancies. Exosomes have great promise as carriers of medications, antagonists, genes, and other therapeutic materials that can be incorporated into their core in a variety of ways. Exosomes can also alter the metabolism of cancer cells, alter the activity of immunologic effectors, and alter non-coding RNAs, all of which can alter the tumor microenvironment and turn it from a pro-tumor to an anti-tumor milieu. This subject is covered in the current review, which also looks at how exosomes contribute to the onset and progression of hematological malignancies, as well as their importance in diagnosing and treating these conditions.
Keywords: exosomes, hematological, therapeutic agents, cancer, biogenesis
INTRODUCTION
Hematological malignancies pose significant challenges in terms of treatment options and patient outcomes (Mohseni Afshar et al., 2022). Current therapeutic approaches often have limitations, including systemic toxicity and the inability to specifically target malignant cells (Belfiore et al., 2018). The application of cell-derived exosomes in hematological malignancies therapy holds great promise and significance. Exosomes, as natural carriers of bioactive molecules, offer several advantages, such as targeted delivery, reduced off-target effects, and potential immunomodulatory effects (Dimik et al., 2023). By utilizing exosomes as therapeutic vehicles, it may be possible to enhance the efficacy of drug delivery, overcome treatment resistance, and modulate the tumor microenvironment in hematological malignancies (Xia et al., 2020). Therefore, understanding the potential of exosomes in this context is of immense importance, as it may contribute to the development of novel and more effective treatment strategies with improved outcomes for patients with hematological malignancies.
Exosomes are small extracellular vesicles that play a crucial role in intercellular communication and have garnered significant attention in the fields of tumor biology and therapeutics (Yokoi and Ochiya, 2021). These nanosized vesicles are secreted by various cell types and are enriched with proteins, nucleic acids, and lipids, reflecting the molecular composition of their parent cells. Their ability to transport and deliver cargo molecules, including proteins, RNA, and miRNAs, to recipient cells has highlighted their importance in cellular signaling and disease progression (Veerman et al., 2019; Tenchov et al., 2022).
In recent years, exosomes have emerged as key mediators in the tumor microenvironment, facilitating the transfer of bioactive molecules between cancer cells and nearby or distant cells. Through their cargo, exosomes can modulate cellular processes such as proliferation, angiogenesis, immune response, and metastasis, thereby influencing tumor development and progression (Jia et al., 2017; Jena and Mandal, 2021).
The unique characteristics of exosomes, including their stability in various body fluids, protection against degradation, and ability to cross biological barriers, make them attractive candidates for therapeutic applications (Alzhrani et al., 2021). Researchers have explored the potential of exosomes as natural drug delivery vehicles, harnessing their ability to target specific cells or tissues. By engineering exosomes or loading them with therapeutic agents, it is possible to enhance drug efficacy, reduce off-target effects, and overcome drug resistance (Kibria et al., 2018; He et al., 2022). Moreover, exosomes have shown promise as diagnostic and prognostic biomarkers for various diseases, including cancer. Their presence in bodily fluids, such as blood, urine, and saliva, allows for non-invasive and readily accessible sampling, making them valuable tools for disease detection, monitoring, and personalized medicine (Bei et al., 2017; Huang and Deng, 2019).
More details on the significance of exosomes in intercellular communication, tumor biology, and potential therapeutic applications are given below.
1. Intercellular communication: exosomes are involved in a wide range of cellular communication processes. They can transfer various biomolecules, including proteins, lipids, and nucleic acids, between cells. These cargo molecules can exert functional effects on recipient cells by altering gene expression, signaling pathways, and cellular behavior. Exosomes have been found to participate in intercellular communication in diverse physiological contexts, such as immune response modulation, neuronal signaling, and tissue repair (Ludwig and Giebel, 2012; Ahmadi and Rezaie, 2020; Huo et al., 2021).
2. Tumor biology: in the context of cancer, exosomes have emerged as key players in tumor progression and metastasis. Tumor-derived exosomes can promote tumor growth by enhancing angiogenesis, and the formation of new blood vessels that supply nutrients to the tumor. They can also suppress the immune system’s response to cancer cells, allowing tumors to evade immune surveillance. Moreover, exosomes can prepare distant sites for tumor metastasis by facilitating the recruitment and reprogramming of cells in pre-metastatic niches. These processes contribute to the aggressiveness and spread of cancer (Aslan et al., 2019; Li et al., 2019; Zhou et al., 2021).
3. Therapeutic applications: the unique properties of exosomes make them attractive for therapeutic applications. One promising approach is to use exosomes as natural carriers for delivering therapeutic molecules, such as drugs or nucleic acids, to target cells. Exosomes can be engineered to express specific surface proteins or loaded with therapeutic cargo, enabling targeted delivery to diseased tissues while minimizing off-target effects. Furthermore, exosomes have inherent stability and biocompatibility, making them suitable for drug delivery systems. Research is ongoing to optimize exosome-based therapies and improve their efficacy in treating various diseases, including cancer, neurodegenerative disorders, and cardiovascular diseases (Sun et al., 2020; Ke and Afonin, 2021; Bashyal et al., 2022).
4. Diagnostic and prognostic biomarkers: exosomes have garnered significant interest as potential biomarkers for disease diagnosis and prognosis. Their presence in various bodily fluids, including blood, urine, and cerebrospinal fluid, allows for non-invasive sample collection. The molecular cargo within exosomes reflects the physiological and pathological states of their parent cells, making them valuable for disease detection and monitoring. Analyzing the content of exosomes, such as specific proteins, RNA molecules, or DNA mutations, can provide insights into disease subtypes, treatment response, and disease progression. This information can aid in personalized medicine approaches, guiding treatment decisions, and monitoring patient outcomes (Li et al., 2015; Alipoor et al., 2018; Yu et al., 2022).
5. Future directions: the field of exosome research is still evolving, and there are several exciting areas for future exploration. Researchers are actively investigating the mechanisms of exosome biogenesis, cargo sorting, and release, as well as the specific signaling pathways involved in exosome-mediated communication (Zhang et al., 2019). Additionally, efforts are being made to standardize exosome isolation and characterization methods to ensure reliable and reproducible results. Further advancements in exosome engineering, cargo loading techniques, and targeted delivery strategies will contribute to the development of innovative therapeutic interventions.
In overall, exosomes have far-reaching implications in intercellular communication, tumor biology, and therapeutic applications. Their ability to transfer signaling molecules, influence cellular behavior, and serve as diagnostic biomarkers make them a fascinating area of research with broad implications for various fields of medicine. Continued investigations into exosome biology and engineering hold great promise for advancing our understanding and harnessing the potential of these remarkable nanovesicles.
Exosomes have emerged as an attractive area of research due to several gaps in knowledge and limitations in existing treatments in various fields of medicine. These include.
1. Limited drug delivery systems: current drug delivery systems often face challenges such as poor bioavailability, off-target effects, and limited ability to cross biological barriers (Adepu and Ramakrishna, 2021). Exosomes, with their inherent ability to transport cargo molecules, including therapeutic agents, offer a potential solution to overcome these limitations (O'Loughlin et al., 2012). By engineering exosomes or loading them with specific therapeutic agents, it is possible to enhance drug delivery to target cells or tissues, thereby improving treatment efficacy and reducing side effects (Liang et al., 2021).
2. Incomplete understanding of intercellular communication: the complex mechanisms of intercellular communication, particularly in diseases like cancer, are not fully understood. Exosomes play a crucial role in this communication process by transferring bioactive molecules between cells. Investigating the cargo and signaling pathways within exosomes can provide valuable insights into disease progression, resistance mechanisms, and potential therapeutic targets (Xie et al., 2017).
3. Diagnostic challenges: traditional diagnostic methods often require invasive procedures or may lack sensitivity and specificity. Exosomes, being present in various bodily fluids, offer a non-invasive and readily accessible source of biomarkers (Zhou et al., 2020). However, further research is needed to identify specific exosomal biomarkers and develop standardized diagnostic assays to improve disease detection, monitoring, and personalized medicine approaches.
4. Limited treatment options for neurodegenerative diseases: neurodegenerative diseases, such as Alzheimer’s and Parkinson’s, currently lack effective treatments that can halt or reverse disease progression (Neef et al., 2011). The unique properties of exosomes, including their ability to cross the blood-brain barrier and transport therapeutic molecules, make them a promising avenue for developing novel treatments for these diseases (Li et al., 2021). However, extensive research is still required to understand the intricacies of exosome-mediated delivery and to optimize therapeutic strategies.
5. Tumor microenvironment complexity: tumors are highly heterogeneous and consist of cells with distinct characteristics (Marusyk et al., 2012). The tumor microenvironment, which includes interactions between cancer cells, immune cells, and stromal cells, plays a crucial role in tumor development and response to treatment (Anderson and Simon, 2020). Exosomes act as mediators in this complex microenvironment, facilitating communication and modulating cellular processes (Maia et al., 2018). Understanding the specific roles of exosomes in tumor progression and therapy resistance can provide new insights and potential targets for more effective anticancer strategies.
Overall, exosome research addresses the current gaps in knowledge and limitations in existing treatments by offering a promising platform for drug delivery, understanding intercellular communication, improving diagnostics, exploring neurodegenerative disease treatments, and deciphering the complexities of the tumor microenvironment. Continued research in these areas will contribute to advancements in medicine and potentially lead to improved patient outcomes.
Due to this issue, this study aims to explore and evaluate the potential application of cell-derived exosomes in the therapy of hematological malignancies, such as leukemia, lymphoma, and multiple myeloma. The aim is to investigate the unique properties of exosomes, including their ability to deliver therapeutic agents and modulate immune responses, and assess their effectiveness in targeted drug delivery and immunomodulation within the context of hematological malignancies. By critically analyzing the existing literature and synthesizing the findings, this study aims to provide a comprehensive academic overview of the current state of research, identify gaps in knowledge, and propose future directions for the development and optimization of exosome-based therapies in hematological malignancies.
BIOGENESIS OF EXOSOME
Exosome biogenesis is a complex process involving multiple steps within the cell. This process includes the following steps.
1. Formation of early endosomes: the biogenesis of exosomes begins with the formation of early endosomes, which are membrane-bound compartments derived from the plasma membrane (Mincheva-Nilsson and Baranov, 2014). This process can be triggered by various stimuli, such as cellular activation, stress, or signaling pathways. The early endosomes internalize extracellular materials, including proteins, lipids, and nucleic acids, through processes like endocytosis and phagocytosis (Abels et al., 2016; Gurung et al., 2021).
2. Maturation into late endosomes: early endosomes mature into late endosomes through a process called maturation or maturation transition (van Weering et al., 2012). This maturation involves changes in the endosomal membrane composition and the inward budding of intraluminal vesicles (ILVs) within the late endosomal compartment (Nour and Modis, 2014; Van Niel et al., 2018). ILVs are formed by the invagination of the endosomal membrane, resulting in the encapsulation of specific cargoes within vesicles (Xu et al., 2018).
3. Formation of Multivesicular Bodies (MVBs): late endosomes containing ILVs are referred to as MVBs. MVBs can further undergo two distinct pathways: the recycling pathway or the pathway leading to exosome release (Rainero and Norman, 2013; Raudenska et al., 2021). In the recycling pathway, MVBs can fuse with the plasma membrane, releasing ILVs back into the extracellular space as exosomes (Van Niel et al., 2006; Cocucci and Meldolesi, 2015). In contrast, the pathway leading to exosome release involves the fusion of MVBs with lysosomes, resulting in the degradation of their content (Buschow et al., 2005; Villarroya-Beltri et al., 2016).
4. Exosome release: when MVBs fuse with the plasma membrane, the ILVs within them are released into the extracellular space as exosomes (Janas et al., 2015). This process of exosome release allows the transfer of bioactive molecules, including proteins, lipids, and nucleic acids, from the originating cell to recipient cells (Wang W. et al., 2020). Exosomes can then travel through body fluids, such as blood or cerebrospinal fluid, to reach target cells in local or distant locations (Zhang and Grizzle, 2014; Bátiz et al., 2016).
TYPES OF EXOSOME
Different types of extracellular vesicles (EVs), including microvesicles (MVs), apoptotic bodies, and exosomes, have been categorized based on their origin, biogenesis, and functions (Minciacchi et al., 2015). The term “exosome” specifically refers to a group of nanovesicles with a diameter of 30–150 nm. These nanovesicles are generated within endosomes and released into the extracellular environment (Belfiore et al., 2018). The biogenesis of exosomes involves three distinct endosomal processes: the formation of endocytic vesicles, the generation of multivesicular bodies (MVBs), and the release of exosomes (Abels et al., 2016; Boriachek et al., 2018). Another mechanism to cease intracellular biogenesis is the degradation of exosomes in lysosomes. During the initial stage of exosome biogenesis, a portion of the cell membrane invaginates and forms an early endosome. Subsequently, early endosomes mature into late endosomes, which contain intraluminal vesicles (ILVs) such as MVBs. The formation of ILVs is regulated by endocytosis-associated proteins, the lipid raft complex, and the Rab and Ras GTPase families (Abels et al., 2016; Kim et al., 2018). MVBs serve as precursors for exosomes, as the composition of exosomes is derived from ILVs. Thus, exosome biogenesis is closely linked to endosomal maturation (Huotari and Helenius, 2011; Kim et al., 2018). Eventually, ILVs are released from MVBs, giving rise to exosomes in the extracellular milieu. The production of exosomes can occur independently or rely on the sorting machinery of the endosomal complex, which is essential for the transportation of proteins (Huotari and Helenius, 2011; Kim et al., 2018).
Exosomes are classified as either artificial or natural exosomes depending on whether they have undergone artificial modification. Animal- and plant-derived exosomes can be found in natural exosomes. Animal-derived exosomes can be classified into normal and tumoral exosomes since exosomes are produced in both normal and tumorous conditions (Zhang Y. et al., 2020; Song et al., 2021).
Exosomes are released by various cell types and have an immune-modulating role (Song et al., 2021). The majority of healthy cells, including B-cell, T cells, human umbilical cord, macrophages, natural killer (NK) cells, vein endothelial cells, dendritic cells (DC), and mesenchymal stem cells (MSC), can produce exosomes (Wang J-H. et al., 2020). They are composed of lipid bilayers and are identified by their hallmarks such as different types of lipids including cholesterol, ceramide, phosphatidylserine, and sphingomyelin, protein families such as β-galactosidase, glycoproteins N-linked glycans and O-linked glycans, signaling receptors such as FasL, TNF receptor and TfR, adhesion molecules such as P-selectin, α and β-integrin, cytoskeletal proteins include actin, cofilin and tubulin, growth factors and cytokines such as TGF-β, TNF-α, and TRAIL), ESCRT machinery such as TSG101 and ALIX), tetraspanins include CD82, CD81, CD63 and CD9, heat shock proteins (HSP) such as HSP-60, 70, and 80)), and nucleic acids includes DNA, miRNA, non-coding RNA and mRNA (Wang J-H. et al., 2020; Gurung et al., 2021). They play a crucial part in intercellular signaling, which is engaged in a variety of physiologic and pathological processes. Additionally, adipocytes, fibroblasts, tumor cells, immune cells, and other components create the tumor microenvironment (TME), which causes tumor homeostasis. Exosomes’ composition can serve as prognostic indicators or the foundation for a system of grading the progression of cancer. Angiogenesis, oncogenesis, metastasis, tumor growth, and treatment resistance are all impacted by exosomes that are released by tumor cells (Figure 1) (Li et al., 2020; Gurung et al., 2021).
[image: Figure 1]FIGURE 1 | The composition and function of exosomes in cancer. Different kinds of proteins, nucleic acids, lipids, and metabolites can be found in exosomes.
Nine million cancer-related deaths and 18 million new cases are recorded each year. Of these, more than 400,000 cases—or roughly 90% of them—are connected to childhood cancer and occur in developing nations. While this percentage is over 80% in European countries, survival rates in African nations are as low as 20% (Galanello et al., 2003). Chemotherapy, surgery, targeted therapy, and radiotherapy are common cancer therapies (Debela et al., 2021; Moha et al., 2021). The most efficient forms of cancer treatment include radiotherapy and chemotherapy, but they can have side effects like long-term issues and medication resistance (Debela et al., 2021; Keyvani et al., 2022). By influencing the immune system to reactivate the anti-cancer immune response, cancer immunotherapy can control and remove tumors (Ghasemi et al., 2020; Ghasemi et al., 2021; Hasan-Abad et al., 2022; Chiang et al., 2023). The Food and Drug Administration (FDA) of the United States has given its approval. There are many immunotherapy medications available for use in therapeutic settings, including inhibitors of the protein cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) and programmed cell death 1 (PD-1) ligand 1 (Chiang et al., 2023). Exosomes have been found to have the dual properties of inhibiting and promoting cancer in recent investigations on the various functions they play in the development of the disease. Exosomes, also known as cell-derived nanovesicles, may be used in cancer immunotherapy due to their molecular transfer and immunogenicity properties (Xu et al., 2020).
Exosomes’ ability to convey information and their high loading efficiency is being increasingly used in research that aims to deliver functional RNAs or medicine. Moreover, by altering their surface indicators, exosomes can become capable of targeting tumors (Li et al., 2020). Consequently, exosome-based therapy is viewed as a viable approach to treating cancer. We concentrated on the exosome-based therapeutic approach in the current review to treat hematological malignancies.
EXOSOME ISOLATION METHODS
Exosome separation is essential for comprehending their mechanisms. Ultrafiltration, centrifugation, Immunocapture, size exclusion chromatography (SEC), microfluidics-based technologies, and affinity capture on antibody-coupled beads are examples of frequently used isolation techniques (Yang et al., 2020). The principles and characteristics of each method are explained below.
1. Ultracentrifugation: ultracentrifugation is a widely used method for exosome isolation. It involves sequential centrifugation steps to pellet and purify exosomes based on their size and density (Coughlan et al., 2020). The principle is to centrifuge the sample at high speeds to larger sediment particles, followed by ultracentrifugation to pellet exosomes. Advantages include relatively simple and cost-effective implementation. However, it can be time-consuming, requires specialized equipment, and may lead to co-isolation of other extracellular vesicles or contaminants (Taylor and Shah, 2015).
2. Density gradient centrifugation: this method separates exosomes based on their buoyant density (Yang et al., 2020). The sample is layered onto a density gradient medium and centrifuged, resulting in the formation of distinct bands corresponding to different vesicle populations. Exosomes can be collected from the appropriate density fraction. The principle is that exosomes with similar densities will migrate to specific regions in the gradient. Advantages include improved purity compared to ultracentrifugation. However, it requires longer processing time, gradient optimization, and can still result in the co-isolation of other vesicles (Li et al., 2017).
3. Size exclusion chromatography (SEC): SEC separates exosomes based on their size. The sample is loaded onto a column with porous beads, and smaller particles, including exosomes, elute later than larger particles. The principle is that exosomes can be separated from contaminants by their size exclusion. Advantages include simplicity, reproducibility, and minimal damage to exosomes. However, it may not provide high purity and can result in the loss of small-sized exosomes (Zhang and Lyden, 2019).
4. Immunocapture: this technique utilizes specific antibodies or affinity ligands immobilized on beads or surfaces to capture exosomes expressing specific surface markers. The principle is the selective binding of exosomes to the capture agent, allowing their isolation. Advantages include targeted isolation of specific exosomes and potential enrichment of subpopulations of interest. However, it relies on the availability of suitable antibodies, may result in co-isolation of non-exosomal material, and can have limited yield (Yang et al., 2022).
5. Microfluidics-based techniques: microfluidics platforms, such as microfluidic chips or nanostructures, enable precise manipulation and isolation of exosomes based on their size, surface markers, or other physical properties. The principle involves the controlled flow of samples through microchannels or nanostructures, allowing selective trapping or sorting of exosomes. Advantages include high specificity, minimal sample volume requirement, and potential for integration with downstream analysis. However, these techniques can be expensive, require specialized equipment, and have limited throughput (Lin et al., 2021).
The choice of isolation technique in clinical settings depends on various factors, including the type of bio fluid, required purity, sample volume, and downstream applications. Different techniques may be employed depending on the specific research objectives and available resources. It is worth noting that the field of exosome isolation is rapidly evolving, and new techniques are continually being developed and evaluated for their applicability in clinical settings. The most effective method for isolating exosomes is a centrifugation-based test. One of the greatest techniques for separating exosomes based on size, in addition to centrifugation, is ultrafiltration, which is now utilized in conjunction with ultracentrifuges (Yang et al., 2020). It has been demonstrated that exosomes can be found in the serum, urine, plasma, cerebrospinal fluid, and lymph of both healthy people and cancer patients (Mimeault and Batra, 2014).
ROLE OF EXOSOMES IN THE DEVELOPMENT OF CANCER
The maintenance of physiological homeostasis and the development of disease symptoms depend on cell-to-cell communication. By using paracrine and autocrine signaling, exosome-associated proteins, DNAs, RNAs, miRNAs, and metabolites can change the fate of recipient cells. Exosomes secreted by tumors have been thoroughly investigated in a variety of cancer types, including melanoma, breast cancer, renal cancer, and hematological cancer. For instance, TGF-1, which is linked to the TGF-1 receptor on the surface of the leukemia cells, is present in exosomes released by chronic myeloid leukemia cells. This causes the exosomes to activate the AKT, ERK, and anti-apoptotic pathways in the producer cells, which in turn causes the tumor to proliferate (Raimondo et al., 2015). Other reports on glioma cancer cells showed the paracrine mechanism of tumor-released exosomes in the development and metastasis of cancer. They found that glioma cells can transfer extracellular vesicles (EVs) with the EGFRvIII (oncogenic receptor) to adjacent glioma cells that lack this receptor, therefore leading to activation of the AKT pathway in neighboring glioma cells. Therefore, it leads to the activation of the AKT pathway in the adjacent glioma cells and causes anchor-independent growth of these cells (Al-Nedawi et al., 2008; Hasan-Abad et al., 2019).
So far, researchers have discovered that in pediatric and adult patients with acute myeloid leukemia (AML), the level of dsDNA in EVs in plasma decreases after treatment but increases after relapse (Bernardi et al., 2021). It was recently shown that cancer stem cell exosomes transported miR-19b-3p to renal carcinoma cells, which then triggered epithelial-mesenchymal transition (EMT) to drive tumor metastasis (Wang L. et al., 2019). p120-catenin in exosomes released from hepatocellular carcinoma (HCC) cells, on the other hand, inhibited the expansion, metastasis, and proliferation of HCC CSCs (Cheng et al., 2019). Table 1 summarizes examples of exosomes involved in the advancement of hematological malignancies. These findings may aid in the understanding of the role of exosomes in the development of cancer and hematological malignancies, leading to improved therapeutic methods (Figure 2).
TABLE 1 | The role of exosome cargos in the development of tumors.
[image: Table 1][image: Figure 2]FIGURE 2 | The roles of exosomes in cancer. Exosomes have been found to play a pivotal role in tumor initiation, growth, progression, and metastasis.
EXOSOME-BASED TUMOR SUPPRESSION STRATEGIES
Exosomes play important roles in intercellular contact in a variety of clinical disorders, including cancer, diabetes, and Alzheimer’s disease. Exosome cargoes produced from tumors are linked to cancer development. As a result, novel and safe cancer treatment techniques such as regulation of exosome production and secretion, exosome-mediated cell communication and employing exosomes as carriers, and removal of active exosomal cargos have been proposed. Furthermore, exosomes can be used as a diagnostic tool (Tai et al., 2018). A study found that modulating intracellular Ca2+ levels with dimethyl amiloride (DMA), an inhibitor of Ca2+/Na + exchange, reduced exosome secretion in mice with EL4 lymphoma (Savina et al., 2003). Koch et al. did another trial to inhibit exosome realization. They found that preventing exosomal drug resistance with indomethacin improved the effect of anthracene-dione pixantrone and anthracycline doxorubicin in DLBCL cell lines (Koch et al., 2016).
THE USE OF EXOSOMES AS CARRIERS IN THE TREATMENT OF HEMATOLOGICAL MALIGNANCIES
Exosomes can transport therapeutic molecules to cancer cells via acquired or innate ligands produced on their surfaces, such as proteins, nucleic acids, and other medicines. Recently, anticancer medicines doxorubicin and paclitaxel were successfully loaded into exosomes (Tian et al., 2014). Exosome drug delivery enhanced cancer targeting via an external magnetic field and reduced tumor growth, overcoming major challenges to the utilization of exosomes for cancer treatment. Exosomes containing the TRAIL (TNF-related apoptosis-inducing ligand) protein were found to increase apoptosis and prevent tumor growth in myeloid leukemia both in vitro (KMS11 multiple myeloma, INT12 melanoma, and B-cell lymphoma) and in vivo (mice) (Rivoltini et al., 2016a). Another study examined the anti-cancer effect of imatinib or BCR-ABL siRNA cargo with exosome on chronic myeloid leukemia (CML) in vitro (CML cell lines included: K562, imatinib K562R, and LAMA84 cells) and in vivo (mice). Exosomes target CML cells selectively with Lamp2b-IL3 and limit proliferation when loaded with BCR-ABL siRNA or imatinib by lowering the expression of the Bcr-Abl oncoprotein (Bellavia et al., 2017). Bellavia et al. employed HEK293 T cells that had been engineered to express the exosomal Lamp2b, which was attached to an Interleukin 3 (IL3) receptor. In contrast, despite normal cells, the IL3 receptor is overexpressed in CML blasts and acts as a therapeutic target in the cancer drug delivery system. They demonstrated that IL3L exosomes laden with the drugs BCR-ABL siRNA or Imatinib can target CML cells and limit cancer cell proliferation in vivo and in vitro (Bellavia et al., 2017).
EXOSOMES AS BIOMARKERS IN HEMATOLOGICAL MALIGNANCIES
Exosomes can be extracted from a variety of bodily fluids, including urine, plasma, serum, saliva, breast milk, malignant ascites fluid, and amniotic fluid (Keller et al., 2011). Furthermore, biologically active EVS extracted from plasma could be employed as novel biological indicators. In the case of cancer, a suitable biomarker should be able to detect possibly metastatic tumors during the primary stage, while the cancer can still be treated (Testa et al., 2021). EVs produced by cancer cells contain tumor-specific components that can shield their contents from proteases and nucleases while also increasing biomarker half-life. Recently, it was shown that miR-155 can be used as a biomarker in patients with monoclonal B-cell lymphocytosis and B-cell leukemia (Ferrajoli et al., 2013). Several investigations have proven the use of exosomal bioactive compounds as prognostic and diagnostic markers in other forms of cancer. The RNA biomarker AR-V7 RNA expression level, for example, increases during prostate cancer and can be detected using the PCR method. The level of the protein biomarker MIF in the plasma increases in pancreatic cancer, which may be identified using the ELISA method. Other biomarkers, such as EGFR vIII mRNA in glioblastoma (in plasma), integrin in breast cancer (in plasma), and ZFAS1 long noncoding RNA in gastric cancer (in serum), are examples of how exosomes can be used to diagnose cancer (Tai et al., 2018).
Except for CML (Philadelphia chromosome as a biomarker), the lack of particular molecular markers capable of being exploited has had a significant impact on the early diagnosis and treatment of these cancers. Several studies have found that mutations or aberrant expression of certain mRNAs or miRNAs are linked to hematological malignancies (Ferrajoli et al., 2013). Exosomal miR150, miR155, and miR1246 levels have been found to rise in AML patients (Hornick et al., 2015). The differential centrifugation method or the miRNeasy kit can be used to assess the serum or plasma level of certain miRNAs. In MM patients, lowering serum levels of exosomal miR20a-5p, miR16-5p, miR15a-5p, and miR16-5p has the potential to be used in the separation or construction of prognostic and diagnostic panels (Zhang et al., 2016).
CELL-DERIVED EXOSOMES AS THERAPEUTIC AGENTS
MSC-derived exosomes
In malignancies or diseases, MSC-exosomes can carry complicated payloads and affect body homeostasis (Lou et al., 2017). In the previous decade, MSC-exosomes have been used to treat a variety of hematological disorders including multiple myeloma (MM), myelodysplastic syndrome (MDS), lymphoma, GVHD, CLL, AML, and CML (Shen and Chen, 2021). They have a role in tumor growth by inducing matrix remodeling and angiogenesis in a pro-tumor niche, inhibiting apoptosis and the activity of anti-tumor immune cells such as CTL and NK cells, and delivering pro-survival cytokines (Shen and Chen, 2021). For example, there is evidence that bone marrow MSCs promote the formation of MM by secreting interleukin-6 (IL-6) as a tumor cell growth factor (Lou et al., 2017; Shen and Chen, 2021). MSCs are pluripotent cells with very diverse characteristics that play a dual function in cancer formation. This topic explains why clinical trials examining the effect of MSCs on cancer have been equivocal and have not progressed beyond phase 1. Approximately 42 clinical trials were registered on www.clinicaltrials.gov until 2019, with a focus on the efficacy of MSCs on malignancies, with just 13 focusing on hematologic malignancy. Only one of the 13 clinical trials looked at the anticancer effects of MSCs. Other investigations were linked to the immunomodulatory function of MSCs after stem cell transplantation (Rappa et al., 2012; Lou et al., 2017; Lee et al., 2019). As a result, more research is needed to comprehend the anti-cancer applicability of MSCs.
MSC anticancer mechanisms are still unknown. However, some of them are desirable for use in the prevention of hematological malignancies. Exosome-derived cancer cells are being studied for ways to silence or eliminate them (Lee et al., 2019). Exosome removal from the circulation (via plasmapheresis), prevention of exosome production (via DMA), exosome suppression (via silencing of targeting ESCRT proteins or GTP-ase Rab27A), prevention of endolysosomal contents functions (via Proton pump inhibitors (PPI), and prevention of exosome uptake or fusion by target cells (via blocking phosphatidyl serine with diannexin) are all under investigation strategies for (Vader et al., 2014). However, because of the essential and dual functions of exosomes, more research is required to develop an authorized safe cancer therapeutic technique.
According to ongoing research, MSC exosomes can infiltrate tumor locations due to an increased retention (EPR) impact and permeability, making them suitable delivery vehicles for suppressing cell proliferation and vascularization (Naseri et al., 2018). For example, combining modified MSC with medication-loaded nanoparticles containing the anticancer agent paclitaxel results in a significant reduction of tumor growth and survival in vivo (Naseri et al., 2018). Furthermore, the findings of this study revealed that using nano-engineered MSCs as a drug vehicle considerably increased the anticancer efficiency of traditional chemotherapy medicines (Layek et al., 2018). A study found that combining MSCs expressing exosomal siGRP78 with sorafenib could reduce proliferation, invasion, and reverse drug resistance in hepatocellular carcinoma cells (Li H. et al., 2018). There are now multiple clinical trials using exosome-based treatments for solid tumors, including lung cancer (23 studies), breast cancer (12 studies), renal cancer (three studies), and ovarian cancer (three studies) (www.clinicaltrials.gov website, keyword exosome). However, just two studies on the use of exosomes for non-Hodgkin B-cell lymphoma therapy were found in the field of hematologic malignancies (Fernandes et al., 2019). Several studies have found that MSCs inhibit both apoptosis and proliferation, enhance cell proliferation, and aid in tumor vasculature (Layek et al., 2018; Lee et al., 2019; Shen and Chen, 2021). Furthermore, because of the immunomodulatory properties of MSCs, which increase the rate of recurrence and metastasis, leading to chemo-resistance, and tending to shield tumor cells from drug-induced death, MSCs are not suitable for therapeutic usage (Chen et al., 2018; Lee et al., 2019).
Dendritic cell-derived exosomes
DCs have emerged as the most potent antigen-presenting cells (APCs) for cancer vaccinations in recent years. Several studies and phase I or II clinical trials have been done to monitor the anticancer effects of DCs (Pyzer et al., 2014). WT1 (Wilm’s tumor 1 protein) mRNA-electroporated DC vaccination was created by Van Tendeloo et al. They vaccinated ten AML patients in a phase I/II experiment. Vaccinated patients had an increase in WT1-specific T cells as well as an increase in WT1-specific IFN-producing CD8+ T cells (Van Tendeloo et al., 2010).
Although the DC-based vaccine provided benefits such as activation of T-helper cells, killer T cells, and B-cell, as well as induction of cancer-specific T-cell response, there were numerous disadvantages. Tumor cells, for example, may produce immunosuppressive soluble cytokines that transform DCs into tolerogenic DCs, resulting in T-reg cell activation (Palucka and Banchereau, 2012; Moradi Hasan-Abad et al., 2022). The use of exosomes produced from DCs (Dex) has been proposed as a remedy to the technical hurdles associated with DC-based immunotherapy (Andre et al., 2004). For example, in comparison to DCs, Dex has exceptional stability at −80°C for 6 months due to its high lipid makeup. Furthermore, Dex expresses adequate ligands for NK cell receptors and is resistant to immunosuppressive compounds and TME immunoregulation (Pitt et al., 2016).
Recently, a novel CML-RAE-1-Dex vaccination with RAE-1 expression was developed. RAE-1 is a key ligand of NK group 2 D (NKG2D), which is required for T- and NK-cell responses. Their discovery demonstrated an anticancer effect both in vitro and in vivo. Their Dex vaccination boosted the effector functions and proliferation of NK cells, CD8+ T cells, and CD4+ T cells, resulting in a strong anti-CML impact in vitro. Furthermore, in CML animal models, immunotherapy with CML-RAE-1-Dex reduced leukemogenesis and established long-lasting immunological memory (Du et al., 2022). Immune responses were similar in imatinib-resistant CML cells with the T315I mutation (Du et al., 2022).
Yao et al. employed an LEXs-pulsed DCs vaccination against leukemia in 2014. Exosomes produced from K562 leukemia cells (LEXK562) include immunologically related molecules (hsp70) as well as membrane-bound vesicles containing adhesion molecules (intercellular adhesion molecule-1). In comparison to LEXs and non-pulsed DCs, LEXs-pulsed DCs elicited a stronger anti-leukemic cytotoxic T-cell response (Yao et al., 2014). Dex-based vaccination technology is one of the areas of interest for researchers as the number of preclinical and clinical investigations on hematological malignancies continues to rise.
Natural killer cell-derived exosomes
Patients with AML exhibit a low NK-cell frequency and significantly lower NK cell activity in the peripheral blood, as well as lower expression of NCR, NKp46, NKp44, NKp30, and C-type lectin receptors, NKG2C and NKG2D (Szczepanski et al., 2011). In AML, NK cell functions (intracellular signaling, cytokine generation, and cytotoxicity) are reduced; NK cell dysfunction is probably associated with the disease’s initial expansion, progression, or recurrence (Shimasaki et al., 2020).
Exosomes containing essential cytotoxic chemicals such as LFA-1, IFN-, DNAM1, and PD-1 are produced in large amounts by stimulated NK cells (Shimasaki et al., 2020).
In neuroblastoma tumor-bearing animals, NK-92 cell-exosomes used as a drug delivery vehicle had good targeting capacity, with robust fluorescence observed 6 h after injection; in a subcutaneous tumor-bearing mouse model, exosomes were found in tumor cells 20 min after injection (Wang G. et al., 2019). Furthermore, exosomes released by NK cells with IL-15 had a greater targeting ability, were faster acting, and persisted in the tumor site and blood circulation for a longer period, with a half-life of up to 24 h (Zhu et al., 2019).
Another ability of NK cells to fight cancer is the production of exosomes or MVs containing cytotoxic proteins and miRNA. Granzyme A and B, Perforin, and granulysin have antitumor effects on NK cells by activating apoptotic pathways via caspase-dependent and -independent apoptotic pathways, single-stranded DNA damage, mitochondrial disruption resulting in cytochrome c release and activation of the apoptotic cascade, induces ER stress-mediated apoptosis, and damages the cell membrane. The anti-cancer action of miR-186 released by NK cells was demonstrated by reducing neuroblastoma cell proliferation and causing apoptosis (Wu et al., 2021).
Furthermore, when NK cells are pre-exposed to neuroblastoma cells, they release exosomes with greater expression of different activating receptors such as NKp46, NKp44, NKp30, and NKG2D, as well as enhanced cytotoxicity when compared to untreated NK cells. This work shows that, in addition to their cytotoxic role, NK cells can be positively impacted by neuroblastoma cells, resulting in efficient cytotoxicity against neuroblastoma tumors (Shoae-Hassani et al., 2017). These findings provide hope for NK cell-based cancer therapy. More research is needed, however, to extrapolate these findings to other forms of cancer and hematological malignancies. Boyiadzis et al. investigated the efficacy of NK cell exosomes on AML cell lines (Kasumi, MLL-1), K562 targets, and primary leukemia blasts. They discovered that NK cell-derived exosomes containing killer-cell immunoglobulin-like receptors, TGF, perforin, NKG2D, granzyme B, and PD-1 increase blast cell lysis and have anti-leukemia action against K562 targets and AML cell lines (Boyiadzis et al., 2018).
Di Pace and others discovered that a novel marker called DNAX Accessory Molecule-1 (DNAM1) is involved in the exosome-mediated cytotoxicity of NK cells in a children B acute lymphoblastic leukemia cell line. Furthermore, they report that the cytotoxic action of NK cell-derived exosomes was dose-dependent, with the percentage of killed cells increasing as exosome concentrations increased, reaching a maximum of 50. This feature suggests that they could be used in immunotherapy (Di Pace et al., 2020).
Despite their vital role in cancer defenses, NK cells’ application in cancer treatment is limited due to their diminished ability to reach tumor sites and the inhibitory effects of TME on their function or diminution of anti-cancer action within a few hours (Labani-Motlagh et al., 2016; Li Q. et al., 2018; Di Pace et al., 2020).
Future studies should focus on increasing the site specificity and durability of the anti-cancer response mediated by NK cell-generated exosomes via genetic engineering to better exploit these potent cells in cancer therapy. Exosome-mediated treatment approaches for hematological Cancers are shown in Table 2.
TABLE 2 | Exosome-mediated treatment approaches for the treatment of hematological cancers.
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The unique properties of exosomes, such as stability, biocompatibility, and ability to transport bioactive molecules, make them promising candidates for therapeutic interventions. The therapeutic use of exosomes holds great promise, but several challenges and limitations need to be addressed for successful clinical translation. Overcoming these challenges requires interdisciplinary collaboration, innovative technologies, and a deep understanding of the complex biology of exosomes. The most important challenges and limitations of the therapeutic use of exosomes are explained below.
1. Isolation and purification: one of the key challenges is the development of standardized and reproducible methods for isolating and purifying exosomes (Ayala-Mar et al., 2019). Current isolation techniques, such as ultracentrifugation and immunocapture, have limitations in terms of scalability, purity, and yield. There is a need for robust and efficient isolation methods that can provide highly purified exosome populations suitable for clinical applications (Ayala-Mar et al., 2019; Liangsupree et al., 2021).
2. Heterogeneity: exosomes derived from different cell types or even from the same cell type can exhibit significant heterogeneity in terms of cargo composition and functional properties (O’Brien et al., 2020). Understanding and controlling this heterogeneity is crucial for ensuring consistent therapeutic outcomes. Characterization techniques and quality control measures need to be improved to assess the heterogeneity of exosomes and establish standardized criteria for their therapeutic use (Willis et al., 2017).
3. Scalability and manufacturing: the clinical translation of exosome-based therapies requires scalable and cost-effective manufacturing processes (Amondarain et al., 2023). Currently, the production of exosomes in large quantities remains a challenge. Developing scalable manufacturing platforms, including bioreactors and microfluidic systems, is necessary to meet the demands of clinical applications (Colao et al., 2018; Pan et al., 2023).
4. Targeted delivery: efficient and targeted delivery of exosomes to specific tissues or cells is essential for achieving desired therapeutic effects (Rehman et al., 2022). Overcoming biological barriers, such as clearance by the immune system and off-target effects, is critical for successful targeted delivery. Strategies like surface modification and engineering approaches need to be explored to enhance the specificity and efficiency of exosome delivery (Mitchell et al., 2021; Waheed et al., 2022).
5. Regulatory considerations: the therapeutic use of exosomes falls under regulatory frameworks that govern biological products and drug delivery systems (Bunggulawa et al., 2018). Understanding and complying with these regulations is crucial for the successful translation of exosome-based therapies from preclinical studies to clinical trials and commercialization (Willis et al., 2017).
6. Clinical translation and efficacy: although preclinical studies have shown promising results, the efficacy of exosome-based therapies in clinical settings is still being explored. The development of well-designed clinical trials and rigorous evaluation of therapeutic outcomes are necessary to determine the safety, efficacy, and long-term effects of exosome-based interventions.
FUTURE OF THE THERAPEUTIC USE OF EXOSOMES
The advancements in exosome research have the potential to transform cancer treatment by providing novel therapeutic strategies. Further investigation in these research directions will not only expand our knowledge of exosome biology but also pave the way for personalized, targeted, and more effective cancer therapies, ultimately improving patient outcomes and quality of life. Several areas warrant further investigation to harness the full potential of exosomes and improve patient outcomes.
Cargo and Functional Analysis: Future research should focus on elucidating the specific cargo components carried by exosomes and their functional relevance in cancer treatment (Zhang et al., 2019). Identifying the key molecules, such as miRNAs, proteins, and lipids, involved in modulating tumor growth, metastasis, immune response, and drug resistance will enhance our understanding of exosome-mediated intercellular communication and facilitate the development of targeted therapies (Mashouri et al., 2019).
Engineering and Modification: Investigating exosome engineering strategies, such as surface modification and cargo loading techniques, can enhance their targeting ability and therapeutic efficacy (Salunkhe et al., 2020). Further exploration of bioengineering approaches, including genetic engineering and synthetic biology, can enable the customization of exosomes for specific cancer types and individual patient needs.
Delivery Optimization: Improving the efficiency and specificity of exosome delivery to tumor sites remains a critical area of investigation (Subhan and Torchilin, 2019). Developing novel delivery methods, such as exosome-based drug carriers or nanoscale delivery systems, can enhance the stability, biodistribution, and cellular uptake of exosomes, leading to improved therapeutic outcomes and reduced off-target effects (Subhan and Torchilin, 2020).
Biomarker Discovery: Identifying reliable exosomal biomarkers for cancer diagnosis, prognosis, and treatment response prediction is an important research direction (Li et al., 2022). Comprehensive profiling of exosomal molecular signatures in large patient cohorts, combined with advanced bioinformatics approaches, can aid in the identification of biomarkers that can guide personalized treatment decisions and improve patient stratification.
Clinical Translation: Conducting well-designed clinical trials to evaluate the safety and efficacy of exosome-based therapies in cancer patients is crucial. Longitudinal studies assessing the long-term effects and monitoring potential adverse events associated with exosome treatments are needed. Collaboration between academia, industry, and regulatory bodies is essential to navigate the regulatory landscape and facilitate the translation of exosome research into clinical practice (Table 3).
TABLE 3 | Some clinical trial on therapeutic use of exosomes in cancers, exosome type and outcomes.
[image: Table 3]CONCLUSION
The advancements in exosome research have the potential to transform cancer treatment by providing novel therapeutic strategies. Further investigation in these research directions will not only expand our knowledge of exosome biology but also pave the way for personalized, targeted, and more effective cancer therapies, ultimately improving patient outcomes and quality of life.
Exosomes are a relatively young field of study. Exosomes have sparked great attention in the realm of cancer therapy due to their potential use as new low-toxicity inhibitors in immunotherapy and diagnostic biomarkers, as well as a safer and more efficient method of delivering anti-cancer medications. However, there are various obstacles to their optimal utilization. Methods for large-scale manufacturing, isolation, and storage, in particular, should be carefully tuned. Furthermore, the therapeutic potential and delivery efficiency of exosomes, the route of administration, and the immunologic influence of exosomes on cancer cell suppression must all be carefully examined. In the case of hematological malignancies, concentrating on the use of exosomes for drug delivery, developing protocols for the prevention of drug resistance mediated by exosomes (such as using monoclonal antibodies, aptamers, nanoparticles, engineered and modified exosomes, etc.), and developing methods for blocking exosomes associated with the progression or metastasis of hematological malignancies can all contribute to better cancer therapy management in the future.
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Background: The liver is the major metabolic organ of the human body, and abnormal metabolism is the main factor influencing hepatocellular carcinoma (HCC). This study was designed to determine the effect of glutamine metabolism on HCC heterogeneity and to develop a prognostic evaluator based on the heterogeneity study of glutamine metabolism within HCC tumors and between tissues.
Methods: Single-cell transcriptome data were extracted from the GSE149614 dataset and processed using the Seurat package in R for quality control of these data. HCC subtypes in the Cancer Genome Atlas and the GSE14520 dataset were identified via consensus clustering based on glutamine family amino acid metabolism (GFAAM) process genes. The machine learning algorithms gradient boosting machine, support vector machine, random forest, eXtreme gradient boosting, decision trees, and least absolute shrinkage and selection operator were utilized to develop the prognosis model of differentially expressed genes among the molecular gene subtypes.
Results: The samples in the GSE149614 dataset included 10 cell types, and there was no significant difference in the GFAAM pathway. HCC was classified into three molecular subtypes according to GFAAM process genes, showing molecular heterogeneity in prognosis, clinicopathological features, and immune cell infiltration. C1 showed the worst survival rate and the highest immune score and immune cell infiltration. A six-gene model for prognostic and immunotherapy responses was constructed among subtypes, and the calculated high-risk score was significantly correlated with poor prognosis, high immune abundance, and a low response rate of immunotherapy in HCC.
Conclusion: Our discovery of GFAAM-associated marker genes may help to further decipher the role in HCC occurrence and progression. In particular, this six-gene prognostic model may serve as a predictor of treatment and prognosis in HCC patients.
Keywords: hepatocellular carcinoma, single-cell sequencing analysis, glutamine metabolism, machine learning algorithm, risk model, prognosis, immunotherapy
INTRODUCTION
Liver cancer is a malignant tumor with the fastest increasing mortality and has become the second leading cause of cancer-induced death (Siegel et al., 2023). The main types of liver cancer include hepatocellular carcinoma (HCC) and cholangiocarcinoma. HCC is the most common form of liver cancer, accounting for 90% of the cases (Llovet et al., 2021). Most HCC cases occur in Asia, and the main known risk factors relevant to HCC are viruses (chronic hepatitis B and C), metabolism disorders (diabetes and non-alcoholic fatty liver disease, or NAFLD), toxicity (alcohol and aflatoxin), and immune system-related diseases (Chakraborty and Sarkar, 2022). The United States Food and Drug Administration approved liver cancer treatment options involving multi-kinase inhibitors (lenvatinib, regorafenib, ramucirumab, and cabozantinib), immune checkpoint blockades (ICBs) (pembrolizumab and nivolumab), and combination therapies, such as atezolizumab along with bevacizumab (Butt and Baytas, 2023). Although substantial breakthroughs have been made in systemic treatment, the mortality rate of HCC has remained high owing to drug resistance and frequent relapse (Chidambaranathan-Reghupaty et al., 2021; Chen et al., 2023). Individual and intratumoral heterogeneity greatly affects the recurrence and drug resistance in patients with HCC (Zhang et al., 2020). Therefore, understanding the causes, characteristics, and consequences of HCC tumor heterogeneity is necessary to guide clinical practice and improve survival.
The liver is the main metabolic organ in the human body (Chakraborty and Sarkar, 2022). Metabolomics and metabolite profiling of HCC have been in the spotlight for cancer diagnosis, monitoring, and therapy (Ganesan et al., 2022). Small molecular metabolites play an important role in biological systems and are attractive candidates for understanding the HCC phenotype (Wang et al., 2013). The catabolism, anabolism, and transport of glutamine are essential for the survival and development of HCC (Altman et al., 2016). Targeting glutamine metabolism is a promising anti-cancer therapy. Several inhibitors targeting glutamine metabolism have been created, such as allosteric inhibitors of kidney-type glutaminase (GLS) and CB-839 (telaglenastat), which have entered different stages of clinical trials for cancer treatment (Yang et al., 2021). However, it is noteworthy that the metabolism of glutamine in cancer is highly heterogeneous. Even in tumors in specific organs, different cancer subtypes have different patterns of glutamine metabolism (Cluntun et al., 2017). Therefore, exploring the glutamine metabolism model will help in the accurate classification and patient stratification of HCC.
In this study, we identified, for the first time, cellular subtypes of HCC based on glutamine metabolism-related genes and explored the heterogeneity of these genes within HCC tumors and among tissues. In addition, we classified the HCC subtypes according to the genes in the glutamine metabolic pathway and used six different machine learning methods to construct a risk evaluator that explored the relationship between potential factors affecting HCC prognosis (clinicopathological features, somatic mutations, tumor microenvironment (TME) indicators, signal pathways, and indicators of immunotherapy response) and different glutamine metabolic subtypes of HCC.
MATERIALS AND METHODS
Single-cell RNA sequencing dataset and the RNA-seq dataset of HCC samples
Sample data from the GSE149614 dataset were extracted from the GEO database. The dataset included 71,915 single-cell transcriptome data from four HCC-related tissue types: non-tumor liver (NTL, n = 8), primary tumor (PT, n = 10), portal vein tumor thrombus (PVTT, n = 2), and metastatic lymph node (MLN, n = 1). There were three source databases of RNA-seq data for HCC samples: the Cancer Genome Atlas (TCGA) (title = "https://portal.gdc.cancer.gov/, >https://portal.gdc.cancer.gov/), the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/), and the HCCDB (http://lifeome.net/database/hccdb.html). Two HCC cohorts from the GEO database were GSE14520 and GSE76427. The screening conditions for samples in each liver cancer dataset were the same; that is, the survival time was clearly recorded, and the number of days was more than 0 days. Based on the TCGA dataset, we screened a total of 365 HCC tissues and 50 paracancerous normal tissues for further study. The number of samples meeting the screening criteria in the GSE14520 and GSE76427 datasets was 242 and 115, respectively. The dataset whose ID was HCCDB18 was obtained in HCCDB, and included 21 HCC samples that met the filtering criteria.
Single-cell RNA sequencing data processing
The single-cell RNA sequencing (scRNA-seq) data in the GSE149614 dataset was processed using Seurat v3 (Stuart et al., 2019). The steps included quality control, normalization, scaling, dimension reduction, clustering, and visualization. Quality control standards included the number of genes in each cell <6000, the number of unique molecular identifiers in cells >100, and the distribution ratio of mitochondrial gene content in cells <15%. The log-normalization function was specified as the normalization function for all data, and the expression value of each gene in all cells was also converted to a z-score. The FindVariableFeatures function (selection.method = “vst”) in Seurat then selected the 2,000 genes with the highest standardized variance as “highly variable.” Anchors for reference assembly were calculated using the FindIntegrationAnchors function, and data were integrated using the IntegrateData function. Principal component analysis (PCA) was implemented on highly variable genes. FindNeighbors and FindClusters functions were produced to implement the shared nearest neighbor (SNN) modularity optimization-based clustering algorithm. Two dimensions were projected with Uniform Manifold Approximation and Projection (UMAP).
Cell type annotation
The cell clusters were annotated manually according to the cluster gene marker information provided in the CellMarker database and related literature. The differentially expressed genes (DEGs) across cell types were identified by setting logfc = 0.5 and minpct = 0.35 in the FindAllMarker function in Seurat.
Analysis of the performance of the glutamine metabolic pathway in the GSE149614 dataset
The “glutamine family amino acid metabolism (GFAAM)” process gene set was downloaded from the Kyoto Encyclopedia of Genes and Genomes (KEGG), which comprises genes involved in chemical reactions and pathways of amino acids of the glutamine family. Using the single sample gene set enrichment analysis (ssGSEA) method of the “GSVA” package, GFAAM pathway scores of different cell types in each sample of the GSE149614 dataset were calculated and visualized as a bubble diagram.
Consensus clustering analysis
ConsensusClusterPlus was used to cluster the samples in the TCGA-LIHC cohort. The input was a matrix of genes in the GFAAM pathways expressed in the TCGA-LIHC cohort. The clustering algorithm was selected as “pam,” the distance was “pearson,” the maximum evaluated k was 10, the number of iterations was 500, and the proportion of sampling in each iteration was 80%. The optimal clustering number was judged by the cumulative distribution function (CDF) curve and verified by PCA.
Identification, expression analysis, and correlation with biological signaling pathways of mutated GFAAM genes in molecular clusters of HCC
The data on single-nucleotide variation (SNV) and copy number variation (CNV) were extracted from TCGA. The GFAAM gene mutation in each molecular cluster was analyzed by the “maftools” package, and the expression of the mutated GFAAM gene was analyzed by the Kruskal–Wallis test. The gene set of the KEGG pathway was searched from GSEA (Subramanian et al., 2005), and ssGSEA was implemented with the “GSVA” package. The correlation between the enrichment score of the KEGG pathway and the expression of GFAAM mutant genes in each sample was analyzed by the Spearman correlation analysis.
Analysis of the matrix content and immune infiltration in the TME
The matrix and immune contents in the TME were quantified using the “ESTIMATE” package by calculating the ssGSEA score of the two gene signatures (i.e., stromal score and immune score). At present, the algorithms developed for immune infiltration estimation are divided into two categories: gene signature-based algorithms and deconvolution-based algorithms (Li et al., 2020). CIBERSORT (Newman et al., 2015) is an algorithm based on deconvolution, which calculates the relative content of 22 infiltrating immune cells in each molecule cluster by giving a leukocyte gene signature matrix. The other deconvolution method, TIMER, quantified the abundance of six tumor-infiltrating immune cells in HCC. Two “single-sample” algorithms, microenvironment cell population (MCP) counter (Becht et al., 2016) and ssGSEA, also quantified the infiltration levels of a variety of matrix and immune cells.
DEG identification in clusters and the construction of a risk model based on machine learning algorithms
DEGs between subtypes were screened by the criteria of log2 (fold change) | > 1 and FDR <0.05 in the “limma” package. The HCC prognostic-related genes in DEGs were identified using the “survival” package in R with p < 0.0001 as the threshold. Six machine learning algorithms, namely, gradient boosting machine (GBM), support vector machine (SVM), random forest, eXtreme gradient boosting (XGBoost), decision tree, and least absolute shrinkage and selection operator (LASSO), were used to develop the prognosis model. GBM is a boosting-based learning algorithm where each basic learner pays attention to the residual of the previous learner and repeats the process until the error is less than the predetermined threshold (Friedman, 2000; Shojaie et al., 2022). SVM is a two-classification model. It is unique as it runs in feature space with increasing dimensions to search the hyperplane of linearly separated positive and negative training data (Rodriguez-Perez and Bajorath, 2022). Random forest is a regression tree technique that uses bootstrap aggregation and randomization of prediction factors to achieve a high degree of prediction accuracy (Rigatti, 2017). XGBoost is an optimized GBM that has the remarkable characteristics of efficiently and flexibly dealing with missing data and assembling weak prediction models to build accurate prediction models (Chen and Guestrin, 2016). A decision tree can model nonlinear effects in the algorithmic relationship of combinatorial risk factors to produce a quantitative percentage of sensitivity to mortality (Deist et al., 2018). LASSO is a regression statistical method that enjoys some of the favorable characteristics of both subset selection and ridge regression and has been frequently used in the construction of prognostic risk models (Tibshirani, 2011). The genes involved in all six machine learning models were screened by Venn diagrams, and the constituent factors of the most concise risk model were found by stepwise regression. Multivariate Cox regression analysis gave the risk coefficient of each component gene in the risk model, and after multiplying with the expression, the risk score of each sample was obtained.
Prediction of immunotherapy response by Tumor Immune Dysfunction and Exclusion
The Tumor Immune Dysfunction and Exclusion (TIDE) tool provides a TIDE signature, trained from treatment-naive tumor data that can predict immune checkpoint blockade (ICB) clinical response based on pre-treatment tumor profiles (Jiang et al., 2018). Higher tumor TIDE predictive scores were associated with worse ICB responses. We calculated the TIDE score for each sample in the TCGA-LIHC cohort in the TIDE web application and tested for differences among the molecular clusters and between the risk groups, respectively.
Tissue microarray cohort
HCC tissue microarray (TMA) was performed as described previously (Liu et al., 2023).
Cell lines and cell culture
Six HCC cell lines, e.g., MHCC97, HepG2, Hep3B, SMMC7721, HCCLM3, and Huh7, in addition to the normal-type hepatocyte L02 cell line, were purchased from the Shanghai Cell Bank of the Chinese Academy of Sciences (Shanghai, China) and cultured under routine conditions.
Statistical analysis
All statistical analyses and tests were implemented in the R program. The Kruskal–Wallis test was performed to compare the subtype-related variables. A Student’s t-test and a Wilcoxon rank-sum test were used to compare variable differences between the two risk groups. Kaplan–Meier survival analyses were tested by log-rank. The accuracy of the risk model was judged by the receiver operating characteristic (ROC) curve drawn by the “timeROC” package. All statistical tests were two-sided, and statistical significance was set at 0.05.
RESULTS
Cell types and GFAAM pathways distinctive of HCC
The results of preprocessing and quality control of scRNA-seq data are presented in Supplementary Figure S1. High-quality cells were obtained for each sample, totaling 67,904 (Supplementary Figure S1A). By integrating all high-quality cells, we detected batch effects between the samples (Supplementary Figure S1B). To ensure the maximum extent of data recombination in different samples, batch effect correction was performed (Supplementary Figure S1C). For PCA dimensionality reduction, ElbowPlot was adopted to select all PC axes before the point with a smooth slope, where each axis was roughly distinguishable at PC 40 (Supplementary Figure S1D). Cell clustering revealed 11 cell clusters, and UMAP visualized the distribution of these clusters (Supplementary Figure S1E). Each cluster was assigned a cell-type identity according to cell-specific markers. We concluded that cluster 0 was a T cell, where CD3D, CD3E, and CD3G were highly expressed; GPC3, CD24, and MDK were highly expressed in cluster 1, which was an HCC cell; and cluster 2 was a macrophage, where CD163 and CD68 were highly expressed. There was a highly specific expression of PECAM1 in cluster 4, which was an endothelial cell. Cluster 5 was a B cell with a highly specific expression of CD19 and CD79A. MKI67 was highly expressed in cluster 6, which was a proliferating cell. Cluster 7 comprised a fibroblast, which showed a highly specific expression of ACTA2, PDGFRB, and NOTCH3. Cluster 9 had a high expression of FCER1A and LILRA4, which was a pDC. Cluster 10 consisted of a mast cell with a highly specific expression of TPSAB1 and CPA3. As the highly specific expression of typical marker genes was not detected in clusters 3 and 8, the cell types of these two clusters could not be determined (Supplementary Figure S1F). The distribution of each cell type is represented in the UMAP diagram (Figure 1A). The proportion of each cell type in each sample was evaluated. HCC and macrophages accounted for the highest proportion of MLN organizations. T cells accounted for the highest proportion in NTL organizations. Among the two PVTT organizations, the highest proportion was accounted for by HCC in one and macrophages in the other. HCC, macrophages, and T cells constituted the main cell types in the 10 PT tissues (Figure 1B). The enrichment score of the GFAAM pathway was the highest in HCC and proliferating cells of four types of tissues; however, there was no significant difference among the other seven types of cells (Figure 1C). The expression patterns and levels of GFAAM process genes varied across the four tissue types, indicating the tissue-specific heterogeneity of GFAAM molecules (Figure 1D).
[image: Figure 1]FIGURE 1 | Cell types and GFAAM pathway characteristics of HCC. (A) Cell types are highlighted in a two-dimensional UMAP plot. (B) The proportion of each cell type in each sample of the GSE149614 dataset. (C) The enrichment score of the GFAAM pathway in nine cell types of four tissues; the size of the dots corresponded to the GFAAM score; and the color of the dots corresponded to each cell type. (D) Expression of GFAAM process genes in four tissue types.
Three molecular subtypes of HCC were identified according to the expression of GFAAM process genes
Because of the heterogeneity of GFAAM molecules in HCC, we clustered the samples from the TCGA and the GSE14520 datasets according to the GFAAM process gene expression. The clustering results of the two datasets were similar, and the CDF curves of k = 3 showed continuity and stability; therefore, HCC was divided into three molecular subtypes (Figures 2A, B; Figures 2E, F). These three clusters were presented on a two-dimensional scatter plot based on PCA and showed different distributions (Figures 2C, G). Genes in the GFAAM pathway showed different expression patterns among the three molecular subtypes. GFAAM process genes lacking expression in C1 were overexpressed in C3, whereas those overexpressed in C1 were significantly inhibited in C3 (Figures 2D, H).
[image: Figure 2]FIGURE 2 | Three molecular subtypes for HCC were identified according to the expression of GFAAM process genes. (A) CDF curves for different subtype numbers in the TCGA-LIHC cohort. (B) Sample clustering for the TCGA-LIHC cohort under k = 3. (C) Three molecular subtypes in the TCGA-LIHC cohort are shown on a two-dimensional scatter plot based on PCA. (D) The expression of genes in the GFAAM pathway in the three molecular subtypes of the TCGA-LIHC cohort. (E) CDF curves for different subtype numbers in the GSE14520 database. (F) Sample clustering for the GSE14520 database under k = 3. (G) Three clusters in the GSE14520 database are displayed on a two-dimensional scatter plot based on PCA. (H) The heatmap shows the expression of genes in the GFAAM pathway in the three molecular clusters of the GSE14520 database.
Clinicopathological characteristics of three molecular subtypes related to the GFAAM pathway
Based on TCGA-LIHC and the GSE14520 datasets, the differences in survival time among the three molecular subtypes were analyzed. In both datasets, the survival rates of the three molecular subgroups showed significant differences, and the trend was always C1 < C2 < C3 (Figures 3A, B). The proportion of the three molecular subtypes was calculated according to clinical characteristics, such as sex, age, T stage, survival state, AJCC stage, and grade, and it was found that the three subtypes accounted for different proportions of these clinical features, showing significant differences. There was a significant increase in the proportion of C1 and a significant decrease in the proportion of C2 in female patients compared to that in male patients. T2–T4 showed a significantly increased ratio of C1 relative to T1. The ratio of C1 in stages II and III was also significantly higher than that in stage I. C1 accounted for a significantly higher proportion in age ≤60 years, death, and G3–G4 samples than in age >60 years, survival, and G1–G2 samples (Figures 3C–H).
[image: Figure 3]FIGURE 3 | Clinicopathological characteristics of three molecular subtypes related to the GFAAM pathway. (A) The Kaplan–Meier survival curve of the three molecular subgroups in the TCGA-LIHC cohort. (B) Differences in survival rates among the three molecular subgroups in the GSE14520 dataset. (C–H) The proportion of the three molecular subtypes was calculated according to the clinical characteristics of sex (C), age (D), T stage (E), survival status (F), AJCC stage (G), and grade (H).
Mutant GFAAM process genes and their expression and influence on signaling pathways for three molecular subtypes
The mutations of GFAAM process genes in the three molecular subtypes were analyzed, and nine GFAAM process gene mutations were detected. PFAS was the GFAAM process gene with the highest mutation rate, with a mutation rate of 20%; the mutation rates of OAT and ATCAY were 9% and 8%, respectively. The main mutation mode of the three genes with the highest mutation rate in the three molecular subgroups was frameshift deletion (Figure 4A). For the nine mutated GFAAM process genes, we analyzed their expression trend in the three molecular subgroups. In the violin map, we observed that the expression level of PFAS and OAT in C3 and C2 was higher than that in C1 (Figure 4B). The pathways that showed significant differences in enrichment scores among the three molecular subtypes included the Wnt signaling pathway, oxidative phosphorylation, pyruvate metabolism, cysteine, and methionine metabolism, the Nod-like receptor signaling pathway, ECM receptor interaction, DNA replication, β alanine metabolism, the MAPK signaling pathway, the TGF β signaling pathway, pathways in cancer, and other pathways. The expression of PFAS in mutated GFAAM process genes was positively correlated with the Wnt signaling pathway in these pathways and negatively correlated with oxidative phosphorylation. The expression of OAT was also positively connected with the Wnt signaling pathway and negatively connected with pyruvate metabolism. The expression of CPS1 was positively related to cysteine and methionine metabolism and negatively relevant to the Nod-like receptor signaling pathway. The pathways with the most significant positive and negative correlations with NOS3 expression were ECM receptor interaction and DNA replication, respectively. The pathways with the highest positive and negative correlations with LGSM expression were β alanine metabolism and the MAPK signaling pathway, respectively. There was a significant positive correlation between the expression of the TGF β signaling pathway and NOS2 and between cancer pathways and SLC25A12 (Figure 4C).
[image: Figure 4]FIGURE 4 | Mutant GFAAM process genes and their expression and influence on signaling pathways for three molecular subtypes. (A) Mutation of GFAAM process genes in the three molecular subtypes. (B) The mountain map shows the expression trend of nine mutated GFAAM process genes in the three molecular subgroups. (C) Spearman correlation analysis between the pathways shows significant enrichment differences among the three molecular subtypes and mutated GFAAM process genes.
Stromal and immune status of three molecular subtypes related to the GFAAM pathway
The stromal and immune status of the three GFAAM pathway-related molecular subtypes were characterized based on their expression profiles in the TCGA-LIHC cohort. The stromal and immune scores quantified by ESTIMATE were the lowest in C2 and significantly lower than in C1 and C3 (Figure 5A). Immune cell infiltration was calculated according to the various algorithms provided by the R program. Among the immune cells calculated by CIBERSORT, CD8+ T cells, resting memory CD4+ T cells, regulatory T cells (Tregs), activated NK cells, M0 macrophages, M1 and M2 macrophages, and resting mast cells had a high content in the three molecular subtypes. Among them, the contents of resting memory CD4+ T cells, M0 macrophages, M1 and M2 macrophages, and resting mast cells significantly differed among the three molecular subgroups. The contents of resting memory CD4+ T cells, activated NK cells, M1 macrophages, M2 macrophages, and resting mast cells in C3 were significantly higher than those in C1. The contents of Tregs and M0 macrophages in C1 were significantly higher than those in C3 (Figure 5B). The infiltration score trend of most of the 28 immune cells assessed using ssGSEA in the three molecular subtypes was consistent with the performance of their immune score assessed by ESTIMATE, among them multiple types of B-cell subsets (activated and immature B cells), T-cell subsets (activated CD4+ T, central memory CD4+ T, central memory CD8+ T, effector memory CD4+ T, regulatory T, type 1 helper, type 2 helper, type 17 helper, and natural killer T cells), activated dendritic cell, CD56 dim natural killer cell, macrophage, mast cell, myeloid-derived suppressor cell (MDSC), monocyte, natural killer cell, neutrophil, and plasmacytoid dendritic cell (Figure 5C). The stromal and immune cells evaluated by MCP-counter and TIMER also showed significant differences among the three molecular subgroups, and the infiltration abundance in C2 and C3 was significantly lower than that in C1 (Figures 5D, E).
[image: Figure 5]FIGURE 5 | Stromal and immune status of three molecular subtypes related to the GFAAM pathway. (A) The differences in stromal score, immune score, and ESTIMATE score among the three subgroups. (B) The content of immune cells in the three molecular subgroups calculated by CIBERSORT. (C) Statistical differences IN the scores of 28 immune cells among the three molecular subgroups. (D) Differences in the abundance of stroma and immune cells concluded by MCP-counter among the three molecular subgroups. (E) Six immune cell scores quantified by TIMER for the three molecular subgroups. * indicates significant differences in immune scores among the subtypes; * is p < 0.05, ** is p < 0.01, *** is p < 0.001, and **** is p < 0.0001.
Construction of a risk model using six machine learning algorithms and verification in verification cohorts
Although HCC has been divided into three subgroups according to GFAAM process genes, it does not quantify the state of the individual. Therefore, we constructed a risk model based on the characteristic genes of the GFAAM pathway-related subtypes, that is, DEGs, among the three subgroups. By identifying the DEGs between C1, C2, and C3 and the DEGs between C2 and C3, a total of 2,250 characteristic genes related to the GFAAM pathway were obtained (Supplementary Figure S2). Among the 2,250 genes, 211 were prognostic genes that met the screening criteria of the univariate COX regression analysis. Six machine learning algorithms were used to verify 211 genes, and 30 genes were found to be significant in all the machine learning models (Figure 6A). Using stepped-regression analysis, six genes were obtained from the 30 genes and used to construct the risk evaluator: Risk Score = −0.231×PLXNA1+0.192×MARCKSL1+0.318×IQGAP3+ 0.141×PFN2-0.102×PON1+0.157×TKT.
[image: Figure 6]FIGURE 6 | Construction of a risk model using six machine learning algorithms and verification in verification cohorts. (A) Venn diagram presents HCC prognosis-related genes that were involved in all six machine learning models. (B) Prognostic prediction and performance evaluation of the risk evaluator in the TCGA-LIHC dataset. (C) The relationship between the risk evaluator and sample survival and THE ROC curve in the HCCDB18 dataset. (D) Kaplan–Meier curve and ROC curve of risk score in the GSE14520 dataset. (E) The protein level of six evaluators in HCC cell lines and normal liver cells determined by Western blot. (F) Representative images of IHC staining of the risk evaluator in HCC TMA cohorts (left). The IHC score of six proteins in HCC tissues and adjacent normal tissues was further quantified (right). * is p < 0.05, ** is p < 0.01, *** is p < 0.001, and **** is p < 0.0001.
The risk evaluator calculated the risk score of each sample in the TCGA-LIHC (training set), HCCDB18 (validation set 1), and GSE14520 datasets (validation set 2). After standardization by z-score, the high- and low-risk groups were separated by linking the risk score to survival data to determine the prognosis of the sample. In the TCGA-LIHC dataset, high-risk samples had significant survival advantages over low-risk samples. The ROC curve showed that the risk evaluator effectively predicted the survival of patients in the TCGA-LIHC dataset, with the 1-year area under the curve (AUC) = 0.79, 3-year AUC = 0.69, and 5-year AUC = 0.71 (Figure 6B). Similarly, in verification sets 1 and 2, the Kaplan–Meier curves of high- and low-risk samples were significantly separated, and the survival results of high-risk samples were significantly better than those of low-risk samples. The AUC value of the ROC curve for the HCCDB18 cohort (determined annually) was high (>0.7) for 1–4 years. The ROC curve for the GSE14520 dataset showed effective predictive ability at 1, 3, and 5 years (Figures 6C, D). Furthermore, we evaluated the protein expression level of the abovementioned risk evaluator in several HCC cells (Figure 6E) and validated it in a relatively large sample of HCC tissue microarray (Figure 6F). The results showed that the expressions of TAK and PFN2 were markedly upregulated, whereas MARCKSL1 expression was downregulated in HCC tissues compared with that in surrounding non-tumorous tissues, indicating the promising prognostic value of the abovementioned model.
Characteristics of potential factors affecting the prognosis of HCC
The TCGA-LIHC data were employed to explore the differences in potential factors affecting the prognosis of HCC between the high- and low-risk groups, which included clinicopathological features, somatic mutations, TME index, and signaling pathways. There were significant differences in the distribution of molecular subtypes related to the GFAAM pathway and the proportion of grade, AJCC stage, and survival state between the high- and low-risk groups. In the high-risk group, the dominant GFAAM pathway-related molecular subtype was C1, the grade was G3, the AJCC stage was stage III, and the proportion of deceased patients was also high. In the low-risk group, the dominant molecular subtypes of the GFAAM pathway, grade, and AJCC stage were C3, G2, and stage Ⅰ, respectively, and the proportion in samples from live patients was much higher than that from deceased patients (Figure 7A). As shown in Figure 7B, the high-risk group had a higher tumor mutation load relative to the low-risk group, but the difference was not significant (Figure 7B). In the heatmap representing the immune landscape, immune indicators included the immune score, indicating the level of immune cell infiltration was higher in the high-risk group (Figure 7C). In terms of enriched pathway scores, many immune-regulatory and carcinogenic signaling pathways were significantly upregulated in the high-risk group compared with those in the low-risk group, whereas a considerable number of metabolic pathways were significantly inhibited in the high-risk group compared with those in the low-risk group (Figure 7D).
[image: Figure 7]FIGURE 7 | Characteristics of potential factors affecting the prognosis of HCC. (A) The distribution heatmap of clinicopathological features in high-risk and low-risk groups of the TCGA-LIHC dataset. (B) The difference in tumor mutation burden between the high-risk and low-risk groups. (C) The heatmap summarizes the immune microenvironment indexes in the high-risk and low-risk groups. (D) The signaling pathway shows significant enrichment differences between the high-risk and low-risk groups.
Indicators related to the immunotherapy response of GFAAM pathway-related molecular subtypes and risk groups
Understanding the potential indicators that affect ICB treatment response can help select patients who can benefit from it. For the samples in the TCGA-LIHC cohort, the TIDE scores of C2 and C3 were significantly lower than those of C1, and the response rates of C2 and C3 to ICB therapy were lower than those of C1 (Figures 8A, C). The TIDE score of the low-risk group, as defined by the risk evaluator, was significantly lower than that of the high-risk group, and the response rate of the low-risk group to ICB treatment was higher than that of the high-risk group (Figures 8B, D). The TIDE score, response rate of ICB treatment, and expression of immune checkpoint molecules (another important indicator of ICB treatment response) were compared between molecular subtypes and risk groups. Numerous immune checkpoint molecules showed significantly higher expression levels in C1 than in C2 or C3 (Figure 8E). The levels of most immune checkpoint molecules in the high-risk group were significantly higher than those in the low-risk group (Figure 8F). In terms of the abovementioned indicators related to ICB therapy, C1 was the least suitable for ICB therapy among the three GFAAM pathway-related molecular subgroups. Moreover, the potential effect of ICB therapy in the high-risk group was not as beneficial as that in the low-risk group.
[image: Figure 8]FIGURE 8 | Indicators related to the immunotherapy response of GFAAM pathway-related molecular subtypes and risk groups. (A) TIDE score differences among molecular subtypes related to the GFAAM pathway in the TCGA-LIHC cohort. (B) The comparison of TIDE scores between the high-risk group and the low-risk group defined by the risk evaluator in the TCGA-LIHC cohort. (C) The proportion of each GFAAM pathway-related molecular subtype in the ICB treatment response and non-response groups. (D) The proportion of high-risk and low-risk samples in the ICB treatment response and non-response groups. (E) Differences in the expression of immune checkpoint molecules among molecular subtypes related to the GFAAM pathway. (F) Comparison of immune checkpoint molecular expression between the high-risk and low-risk groups. Statistically significant differences are marked by *, * is p < 0.05, ** is p < 0.01, *** is p < 0.001, and **** is p < 0.0001.
DISCUSSION
The liver is a metabolic center with a unique immunosuppressive microenvironment (Jenne and Kubes, 2013; Scagliola et al., 2023). Metabolic disorders are considered an important driving force in the pathogenesis of HCC, leading to profound changes in the TME (Leone and Powell, 2020; Chen et al., 2023). Glutamine is the primary substrate that supports bioenergetics and biosynthesis activity in cancer cells and provides them with supplementary energy (Delgir et al., 2021). Increased glutamine catabolism is one of the critical metabolic features of cancer cells (Du et al., 2022), whose fate varies with a range of parameters, such as their tissue of origin, the genetic aberration that drives them, and the TME (Cluntun et al., 2017). There are few studies simultaneously focusing on glutamine metabolism, TME, cancer tissue subtypes, and related genetic mutation disturbances, which is a more meaningful research direction. In this study, we first identified 10 cell types in HCC. The overall level of the GFAAM pathway did not show significant differences among these types of cells but showed significant heterogeneity among different HCC tissue types. Therefore, we classified HCC molecular subtypes according to the genes in the GFAAM pathway and simultaneously studied the clinicopathological characteristics, GFAAM pathway gene mutations, and TME of each subtype. We also used the newly obtained molecular typing to develop marker combinations (based on machine learning) to evaluate the prognosis, mutation pattern, TME, and response to the ICB treatment of HCC.
In the molecular classification of HCC, we identified three molecular subtypes related to the GFAAM pathway: C1, C2, and C3. These subtypes have great heterogeneity, showing different clinicopathological features, GFAAM process gene mutations, and TME features. C1 had the worst prognosis; patients aged 60 years and below; middle-, late-, and high-grade samples; and deceased patients. C1 also showed higher immune scores for B, T, CD4+ T, and CD8 + T cells, macrophages, MDSC, Treg cells, dendritic cells, and fibroblasts than C2 and C3. Cytotoxic CD8+ T, CD4+ T, and NK cells work together to maintain immune surveillance, whereas the abundant immune cells in HCC, such as MDSC, Tregs, and tumor-associated macrophages, help the immune evasion to accelerate tumor progression (Chen et al., 2023). Ma et al. (2022) showed that reprogramming of glutamine metabolism plays a key role in the survival of immune cells in the TME, largely due to the fact that there is competition for glutamine uptake between these cells in the TME (31). It has been shown that in clear cell renal cell carcinoma, competitive depletion of glutamine by tumor cells leads to local deprivation of extracellular glutamine, which in turn activates the production of HIF-1α and induces cytokine secretion from tumor-infiltrating macrophages. In addition, in triple-negative breast cancer, tumor cells have been found to competitively uptake glutamine from the TME, which in turn affects glutamine availability to tumor-infiltrating T lymphocytes and influences their antitumor immune response (Fu et al., 2019). These results suggest that in the TME of HCC, abnormal metabolism of glutamine directly affects the degree of infiltration of tumor immune cells, which in turn affects the antitumor activity of immune cells.
Our results agree with the development trend of cancer because the tumor-antagonistic immune cells within the TME tend to target and kill cancer cells in the early stage of tumorigenesis; however, as cancer continues to develop, cancer cells eventually escape immune surveillance. In the immune escape phase, tumor cells continue to grow and proliferate uncontrolled and are no longer restricted by host immunity (Gajewski et al., 2013; Vinay et al., 2015). In this study, there were more mid-late and high-grade samples in C1, indicating a higher malignant degree where immune escape occurred. This was further confirmed by the results of the TIDE analysis. C1 showed a significantly higher TIDE score compared to C2 and C3, which indicated a higher immune escape potential.
Models of specific cancer diagnoses and prognostic indicators constructed from subtype studies have been widely used in clinical research, usually relying on machine learning algorithms (Zhao et al., 2019). In this study, we used six machine learning algorithms to construct a model of prognosis-related DEGs between subtypes, identified 30 genes involved in each machine learning model, and captured six of them to develop a risk evaluator. Each gene in the risk evaluator, PLXNA1 (Ho, 1988), MARCKSL1 (Egeland et al., 2019), IQGAP3 (Leone et al., 2021), PFN2 (Cui et al., 2016), PON1 (Bobin-Dubigeon et al., 2012), and TAK (Li et al., 2022), has been reported to be associated with the prognosis or progression of cancer. Here, the risk evaluator developed using these six genes was associated with potential factors affecting the prognosis of HCC, such as clinicopathological features, somatic mutations, tumor microenvironment indicators, and signaling pathways. These features had significant predictive value for the prognosis of HCC and the response to ICB treatment. However, some limitations should also be noted. The data for our study were extracted only from the TCGA, GEO, and HCCDB18 databases, which are only at the level of bioinformatics. Further in vivo and in vitro validation tests are needed to verify that our prognostic model is excellent for prediction. Furthermore, the molecular mechanisms involved in glutamine metabolism in HCC still require more in-depth studies.
In conclusion, we identified 10 cell types and three GFAAM pathway-related molecular subtypes with clinical and molecular heterogeneity in HCC and constructed a model for the prognostic prediction of immunotherapeutic response among the subtypes. Our study offers new perspectives on the use of glutamine metabolism in clinical research on HCC.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/Supplementary Material; further inquiries can be directed to the corresponding author.
ETHICS STATEMENT
The studies involving humans were approved by the First Affiliated Hospital of Zhengzhou University. The studies were conducted in accordance with local legislation and institutional requirements. Written informed consent for participation was not required from the participants or the participants’ legal guardians/next of kin in accordance with the national legislation and institutional requirements.
AUTHOR CONTRIBUTIONS
YY and JB designed the study. YY collected and analyzed the data. JB drafted the manuscript. YY and JB interpreted the data. JB revised and edited the manuscript. All authors contributed to the article and approved the submitted version.
FUNDING
This work was supported by grants from the 2019 Henan Province Medical Science and Technology Research Plan Joint Construction Project (LHGJ20190244 and 202102310058) and the National Natural Science Foundation of China (82002626 and 82002552).
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphar.2023.1241677/full#supplementary-material
REFERENCES
 Altman, B. J., Stine, Z. E., and Dang, C. V. (2016). From krebs to clinic: glutamine metabolism to cancer therapy. Nat. Rev. Cancer 16 (10), 749–834. doi:10.1038/nrc.2016.114
 Becht, E., Giraldo, N. A., Lacroix, L., Buttard, B., Elarouci, N., Petitprez, F., et al. (2016). Estimating the population abundance of tissue-infiltrating immune and stromal cell populations using gene expression. Genome Biol. 17 (1), 218. doi:10.1186/s13059-016-1070-5
 Bobin-Dubigeon, C., Jaffre, I., Joalland, M. P., Classe, J. M., Campone, M., Herve, M., et al. (2012). Paraoxonase 1 (PON1) as a marker of short term death in breast cancer recurrence. Clin. Biochem. 45 (16-17), 1503–1505. doi:10.1016/j.clinbiochem.2012.05.021
 Butt, N. U., and Baytas, S. N. (2023). Advancements in hepatocellular carcinoma: potential preclinical drugs and their future. Curr. Pharm. Des. 29 (1), 2–14. doi:10.2174/1381612829666221216114350
 Chakraborty, E., and Sarkar, D. (2022). Emerging therapies for hepatocellular carcinoma (HCC). Cancers (Basel). 14 (11), 2798. doi:10.3390/cancers14112798
 Chen, C., Wang, Z., Ding, Y., and Qin, Y. (2023). Tumor microenvironment-mediated immune evasion in hepatocellular carcinoma. Front. Immunol. 14, 1133308. doi:10.3389/fimmu.2023.1133308
 Chen, T., and Guestrin, C. (2016). XGBoost: a scalable tree boosting system. arXiv. 
 Chidambaranathan-Reghupaty, S., Fisher, P. B., and Sarkar, D. (2021). Hepatocellular carcinoma (HCC): epidemiology, etiology and molecular classification. Adv. Cancer Res. 149, 1–61. doi:10.1016/bs.acr.2020.10.001
 Cluntun, A. A., Lukey, M. J., Cerione, R. A., and Locasale, J. W. (2017). Glutamine metabolism in cancer: understanding the heterogeneity. Trends Cancer 3 (3), 169–180. doi:10.1016/j.trecan.2017.01.005
 Cui, X. B., Zhang, S. M., Xu, Y. X., Dang, H. W., Liu, C. X., Wang, L. H., et al. (2016). PFN2, a novel marker of unfavorable prognosis, is a potential therapeutic target involved in esophageal squamous cell carcinoma. J. Transl. Med. 14 (1), 137. doi:10.1186/s12967-016-0884-y
 Deist, T. M., Dankers, F., Valdes, G., Wijsman, R., Hsu, I. C., Oberije, C., et al. (2018). Machine learning algorithms for outcome prediction in (chemo)radiotherapy: an empirical comparison of classifiers. Med. Phys. 45 (7), 3449–3459. doi:10.1002/mp.12967
 Delgir, S., Bastami, M., Ilkhani, K., Safi, A., Seif, F., and Alivand, M. R. (2021). The pathways related to glutamine metabolism, glutamine inhibitors and their implication for improving the efficiency of chemotherapy in triple-negative breast cancer. Mutat. Res. Rev. Mutat. Res. 787, 108366. doi:10.1016/j.mrrev.2021.108366
 Du, D., Liu, C., Qin, M., Zhang, X., Xi, T., Yuan, S., et al. (2022). Metabolic dysregulation and emerging therapeutical targets for hepatocellular carcinoma. Acta Pharm. Sin. B 12 (2), 558–580. doi:10.1016/j.apsb.2021.09.019
 Egeland, N. G., Austdal, M., van Diermen-Hidle, B., Rewcastle, E., Gudlaugsson, E. G., Baak, J. P. A., et al. (2019). Validation study of MARCKSL1 as a prognostic factor in lymph node-negative breast cancer patients. PLoS One 14 (3), e0212527. doi:10.1371/journal.pone.0212527
 Friedman, J. H. (2000). Greedy function approximation: a gradient boosting machine. Ann. Statistics 29 (5). doi:10.1214/aos/1013203451
 Fu, Q., Xu, L., Wang, Y., Jiang, Q., Liu, Z., Zhang, J., et al. (2019). Tumor-associated macrophage-derived interleukin-23 interlinks kidney cancer glutamine addiction with immune evasion. Eur. Urol. 75 (5), 752–763. doi:10.1016/j.eururo.2018.09.030
 Gajewski, T. F., Schreiber, H., and Fu, Y. .X. (2013). Innate and adaptive immune cells in the tumor microenvironment. Nat. Immunol. 14 (10), 1014–1022. doi:10.1038/ni.2703
 Ganesan, R., Yoon, S. J., and Suk, K. T. (2022). Microbiome and metabolomics in liver cancer: scientific technology. Int. J. Mol. Sci. 24 (1), 537. doi:10.3390/ijms24010537
 Ho, D. D. (1988). Biology of the human immunodeficiency virus. Kansenshogaku Zasshi 62, 287–295.
 Jenne, C. N., and Kubes, P. (2013). Immune surveillance by the liver. Nat. Immunol. 14 (10), 996–1006. doi:10.1038/ni.2691
 Jiang, P., Gu, S., Pan, D., Fu, J., Sahu, A., Hu, X., et al. (2018). Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24 (10), 1550–1558. doi:10.1038/s41591-018-0136-1
 Leone, M., Cazorla-Vazquez, S., Ferrazzi, F., Wiederstein, J. L., Grundl, M., Weinstock, G., et al. (2021). IQGAP3, a YAP target, is required for proper cell-cycle progression and genome stability. Mol. Cancer Res. 19 (10), 1712–1726. doi:10.1158/1541-7786.MCR-20-0639
 Leone, R. D., and Powell, J. D. (2020). Metabolism of immune cells in cancer. Nat. Rev. Cancer 20 (9), 516–531. doi:10.1038/s41568-020-0273-y
 Li, M., Zhao, X., Yong, H., Xu, J., Qu, P., Qiao, S., et al. (2022). Transketolase promotes colorectal cancer metastasis through regulating AKT phosphorylation. Cell. Death Dis. 13 (2), 99. doi:10.1038/s41419-022-04575-5
 Li, T., Fu, J., Zeng, Z., Cohen, D., Li, J., Chen, Q., et al. (2020). TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res. 48 (W1), W509-W514–W14. doi:10.1093/nar/gkaa407
 Liu, L., Hu, Q., Zhang, Y., Sun, X., Sun, R., and Ren, Z. (2023). Classification molecular subtypes of hepatocellular carcinoma based on PRMT-related genes. Front. Pharmacol. 14, 1145408. doi:10.3389/fphar.2023.1145408
 Llovet, J. M., Kelley, R. K., Villanueva, A., Singal, A. G., Pikarsky, E., Roayaie, S., et al. (2021). Hepatocellular carcinoma. Nat. Rev. Dis. Prim. 7 (1), 6. doi:10.1038/s41572-020-00240-3
 Ma, G., Zhang, Z., Li, P., Zhang, Z., Zeng, M., Liang, Z., et al. (2022). Reprogramming of glutamine metabolism and its impact on immune response in the tumor microenvironment. Cell. Commun. Signal. CCS 20 (1), 114. doi:10.1186/s12964-022-00909-0
 Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al. (2015). Robust enumeration of cell subsets from tissue expression profiles. Nat. Methods 12 (5), 453–457. doi:10.1038/nmeth.3337
 Rigatti, S. J. (2017). Random forest. J. Insur Med. 47 (1), 31–39. doi:10.17849/insm-47-01-31-39.1
 Rodriguez-Perez, R., and Bajorath, J. (2022). Evolution of support vector machine and regression modeling in chemoinformatics and drug discovery. J. Comput. Aided Mol. Des. 36 (5), 355–362. doi:10.1007/s10822-022-00442-9
 Scagliola, A., Miluzio, A., and Biffo, S. (2023). Translational control of metabolism and cell cycle progression in hepatocellular carcinoma. Int. J. Mol. Sci. 24 (5), 4885. doi:10.3390/ijms24054885
 Shojaie, M., Cabrerizo, M., DeKosky, S. T., Vaillancourt, D. E., Loewenstein, D., Duara, R., et al. (2022). A transfer learning approach based on gradient boosting machine for diagnosis of Alzheimer's disease. Front. Aging Neurosci. 14, 966883. doi:10.3389/fnagi.2022.966883
 Siegel, R. L., Miller, K. D., Wagle, N. S., and Jemal, A. (2023). Cancer statistics, 2023. CA Cancer J. Clin. 73 (1), 17–48. doi:10.3322/caac.21763
 Stuart, T., Butler, A., Hoffman, P., Hafemeister, C., Papalexi, E., Mauck, W. M., et al. (2019). Comprehensive integration of single-cell data. Cell. 177 (7), 1888–1902. doi:10.1016/j.cell.2019.05.031
 Subramanian, A., Tamayo, P., Mootha, V. K., Mukherjee, S., Ebert, B. L., Gillette, M. A., et al. (2005). Gene set enrichment analysis: a knowledge-based approach for interpreting genome-wide expression profiles. Proc. Natl. Acad. Sci. U. S. A. 102 (43), 15545–15550. doi:10.1073/pnas.0506580102
 Tibshirani, R. (2011). Regression shrinkage and selection via the lasso: a retrospective. J. R. Stat. Soc. Ser. B Stat. Methodol. 73 (3), 273–282. doi:10.1111/j.1467-9868.2011.00771.x
 Vinay, D. S., Ryan, E. P., Pawelec, G., Talib, W. H., Stagg, J., Elkord, E., et al. (2015). Immune evasion in cancer: mechanistic basis and therapeutic strategies. Semin. Cancer Biol. 35, S185–S98. doi:10.1016/j.semcancer.2015.03.004
 Wang, X., Zhang, A., and Sun, H. (2013). Power of metabolomics in diagnosis and biomarker discovery of hepatocellular carcinoma. Hepatology 57 (5), 2072–2077. doi:10.1002/hep.26130
 Yang, W. H., Qiu, Y., Stamatatos, O., Janowitz, T., and Lukey, M. J. (2021). Enhancing the efficacy of glutamine metabolism inhibitors in cancer therapy. Trends Cancer 7 (8), 790–804. doi:10.1016/j.trecan.2021.04.003
 Zhang, Q., Lou, Y., Bai, X. L., and Liang, T. B. (2020). Intratumoral heterogeneity of hepatocellular carcinoma: from single-cell to population-based studies. World J. Gastroenterol. 26 (26), 3720–3736. doi:10.3748/wjg.v26.i26.3720
 Zhao, L., Lee, V. H. F., Ng, M. K., Yan, H., and Bijlsma, M. F. (2019). Molecular subtyping of cancer: current status and moving toward clinical applications. Brief. Bioinform 20 (2), 572–584. doi:10.1093/bib/bby026
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Bao and Yu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


[image: image]


OPS/images/fonc.2023.1134933/fonc-13-1134933-g006.jpg
Recurrence free survival

100

o0

0

0

Strata —/— Low- —— Moderate- =/— High-

0<0.0001

20 40 60 80 100 120 140 160
Time (Months)





OPS/images/fonc.2023.1134933/table1.jpg
Variables Training Validation

cohort cohort (N=145)
(N=340)
Sex 3.508  0.061
Male 288(84.7%) 132(91.0%)
Female 52(15.3%) 13(9.0%)
Age, years 1.390 0238
=60 90(26.5%) 46(31.7%)
<50 250(73.5%) 99(68.3%)
WBC, x10°/L 0729 | 0393
>10 25(7.4%) 14(9.7%)
<10 315(92.6%) 131(90.3%)
HB, g/L 1208 0272
=120 311(91.5%) 128(88.3%)
<120 29(8.5%) 17(11.7%)
PLT, x10”/L | 0758 | 0.384
=100 311(91.5%) 129(89.0%)
<100 29(8.5%) 16(11.0%)
Na, mmol/L 1333 0.248
=135 327(96.2%) 136(93.8%)
<135 13(3.8%) 9(6.2%)
ALT, U/L 0.596 = 0.440
>50 96(28.2%) 36(24.8%)
<50 244(71.8%) 109(75.2%)
AST, U/L 0.577 = 0.448
>40 132(38.8%) 51(35.2%)
<40 208(61.2%) 94(64.8%)
Tbil, U/L 0319 | 0572
>17.1 90(26.5%) 42(29.0%)
<17.1 250(73.5%) 103(71.0%)
ALB, g/L 0.246 = 0.620
230 337(99.1%) 143(98.6%)
<30 3(0.9%) 2(1.4%)
¥-GT, U/L 0.814 = 0.367
250 177(52.1%) 69(47.6%)
<50 163(47.9%) 76(52.4%)
HBsAg 0.059 = 0.808
‘ Positive 305(89.7%) 129(89.0%)
‘ Negative 35(10.3%) 16(11.0%)
‘ HBV-DNA 2368 @ 0.124
‘ >500 212(62.4%) 101(69.7%)
<500 128(37.6%) 44(30.3%)
Cirrhosis V 0.044 | 0.833
Positive 163(47.9%) 68(46.9%)
Negative 177(52.1%) 77(53.1%)
Number of 0.793 | 0.373
tumors
Solitary 277(81.5%) 123(84.8%)
Multiple 63(18.5%) 22(15.2%)
Tumor size, cm 0.341 | 0.559
=5 145(42.6%) 66(45.5%)
<5 195(57.4%) 79(54.5%)
MVI 0.373 | 0.541
Positive 78(22.9%) 37(25.5%)
Negative 262(77.1%) 108(74.5%)
AJCC T stage 0.527 | 0.468
1 138(40.6%) 64(44.1%)
11, 1T 202(59.4%) 81(55.9%)
BCLC stage 0.074 | 0.786
0, A 241(70.9%) 101(69.7%)
B,C 99(29.1%) 44(30.3%)
Pathological 0.070 | 0.791
differentiation
Poorly 28(8.2%) 13(9.0%)
Moderately and 312(91.8%) 132(91.0%)
well
AFP ratio 0.830 | 0.362
=8 303(89.1%) 125(86.2%)
<8 37(10.9%) 20(13.8%)

WBC, white blood cells; HB, hemoglobin; PLT, platelets; Na, Na ion; ALT, alanine
aminotransferase; AST, aspartate transaminase; Tbil, total bilirubin; ALP, alkaline
phosphatase; HBsAg, hepatitis B surface antigen; HBV, hepatitis B virus; MVI,
microvascular invasion; AFP ratio, alpha-fetoprotein ratio; AJCC, American Joint
Committee on Cancer; BCLC, Barcelona Clinic Liver Cancer.
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Variables Training cohort AFP ratio low p value Validation cohort AFP ratio low

(n=37) (n=20)
AFP ratio high AFP ratio high
(n=303) (n=125)
Sex 0.422 0.504
Male 255(84.2%) 33(89.2%) 113(90.4%) 19(95.0%)
Female 48(15.8%) 4(10.8%) 12(9.6%) 1(5.0%)
Age, years 0.206 0392
260 77(25.4%) 13(35.1%) 38(30.4%) 8(40.0%)
<60 226(74.6%) 24(64.9%) 87(69.6%) 12(60.0%)
WBC, x10°/L 0.852 0.448
>10 22(7.3%) 3(8.1%) 13(10.4%) 1(5.0%)
<10 281(92.7%) 34(91.9%) 112(89.6%) 19(95.0%)
HB, g/L 0.599 0.215
2120 278(91.7%) 33(89.2%) 112(89.6%) 16(80.0%)
<120 25(8.3%) 4(10.8%) 13(10.4%) 4(20.0%)
PLT, x10°/L 0.179 0.168
2100 275(90.8%) 36(97.3%) 113(90.4%) 16(80.0%)
<100 28(9.2%) 1(2.7%) 12(9.6%) 4(20.0%)
Na, mmol/L 0.595 0.810
>135 292(96.4%) 35(94.6%) 117(93.6%) 19(95.0%)
<135 11(3.6%) 2(5.4%) 8(6.4%) 1(5.0%)
ALT, U/L 0.863 0.985
>50 86(28.4%) 10(27.0%) 31(24.8%) 5(25.0%)
<50 217(71.6%) 27(73.0%) 94(75.2%) 15(75.0%)
AST, U/L 0.346 0.602
>40 115(38.0%) 17(45.9%) 45(36.0%) 6(30.0%)
<40 188(62.0%) 20(54.1%) 80(64.0%) 14(70.0%)
Tbil, U/L 0.754 0.341
>17.1 81(26.7%) 9(24.3%) 38(30.4%) 4(20.0%)
<17.1 222(73.3%) 28(75.7%) 87(69.6%) 16(80.0%)
ALB, g/L 0.543 0.135
>30 300(99.0%) 37(100.0%) 124(99.2%) 19(95.0%)
<30 3(0.9%) 0(0.0%) 1(0.8%) 1(5.0%)
¥-GT, U/L 0.340 0475
250 155(51.2%) 22(59.5%) 58(46.4%) 11(55.0%)
<50 148(48.8%) 15(40.5%) 67(53.6%) 9(45.0%)
HBsAg 0.016 0.542 ‘
Positive 276(91.1%) 29(78.4%) 112(89.6%) 17(85.0%) ‘
Negative 27(8.9%) 8(21.6%) 13(10.4%) 3(15.0%) ‘
HBV-DNA 0.068 0.971 ‘
>500 194(64.0%) 18(48.6%) 87(69.6%) 14(70.0%) ‘
<500 109(36.0%) 19(51.3%) 38(30.4%) 6(30.0%)
Cirrhosis 0.660 0.855
Positive 144(47.5%) 19(51.4%) 59(47.2%) 9(45.0%)
Negative 159(52.5%) 18(48.6%) 66(52.8%) 11(55.0%)
Number of tumors 0.406 0.517
Solitary 245(80.9%) 32(86.5%) 107(85.6%) 16(80.0%)
Multiple 58(19.1%) 5(13.5%) 18(14.4%) 4(20.0%)
Tumor size, cm 0434 0.161
>5 127(41.9%) 18(48.6%) 54(43.2%) 12(60.0%)
<5 176(58.1%) 19(51.4%) 71(56.8%) 8(40.0%)
MVI 0.007 0.542
Positive 63(20.8%) 15(40.5%) 33(26.4%) 4(20.0%)
Negative 240(79.2%) 22(59.5%) 92(73.6%) 16(80.0%)
AJCC T stage 0.474 0.375
1 125(41.3%) 13(35.1%) 57(45.6%) 7(35.0%)
1L, 1 178(58.7%) 24(64.9%) 68(54.4%) 13(65.0%)
BCLC stage 0.017 0.031
0,A 221(72.9%) 20(54.1%) 87(69.6%) 9(45.0%)
B,C 82(27.1%) 17(45.9%) 38(30.4%) 11(55.0%)
Pathological differentiation 0.216 0.063
Poorly 23(7.6%) 5(13.5%) 9(7.2%) 4(20.0%)
Moderately and well 280(92.4%) 32(86.5%) 116(92.8%) 16(80.0%)
AFP before hepatectomy (ng/pl) 79.50(7.40-1036.00) 220(1.08-13.22) 0.000 149.52(8.66-1247.00) 5.35(2.48-213.68) 0.002
AFP after hepatectomy (ng/ul) 5.30 (2.78-12.80) 6.00(2.98-36.90) 0.565 6.05(2.62-213.68) 8.65(2.68-620.67) 0.238

WBC, white blood cells; HB, hemoglobin; PLT, platelets; Na, Na ion; ALT, alanine aminotransferase; AST, aspartate transaminase; Tbil, total bilirubin; ALP, alkaline phosphatase; HBsAg,
hepatitis B surface antigen; HBV, hepatitis B virus; MV1, microvascular invasion; AFP alpha-fetoprotein; AFP ratio, alpha-fetoprotein ratio; AJCC, American Joint Committee on Cancer; BCLC,
Barcelona Clinic Liver Cancer.
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Variables Univariate Analysis Multivariate Analysis

HR (95% CI) HR (95% Cl)
Sex 1.146 (0.758-1.735) 0518
Age, years 0.855 (0.609-1.199) 0363
WBC, x10°/L 1.117 (0.659-1.893) 0.681
HB, g/L 1.384 (0.861-2.227) 0.180
PLT, x10°/L 1.251 (0.769-2.034) 0.367
Na, mmol/L 0.915 (0.406-2.064) 0.830
ALT, UL 1.268 (0.932-1.727) 0.131
AST, UL 1.793 (1.344-2.392) 0.000 1.271 (0.923-1.749) 0.141
Tbil, U/L 1.134 (0.824-1.562) 0.440
ALB, g/L 0.049 (0.000-15.254) 0303
¥-GT, U/L 1.770 (1.321-2.372) 0.000 1.288 (0.932-1.779) 0.125
HBsAg 0.981 (0.610-1.576) 0.935
HBV-DNA 1.091 (0.807-1.473) 0572
Cirrhosis 1.430 (1.074-1.904) 0.014 1.648 (1.217-2.231) 0.001
Number of tumors 1.733 (1.235-2.431) 0.001 0.814 (0471-1.407) 0.461
Tumor size, cm 1.721 (1.291-2.294) 0.000 1.032 (0.638-1.672) 0.897
MVI 2.145 (1.563-2.945) 0.000 0.476 (0.191-1.184) 0.110
AJCC T stage 1.912 (1.514-2.415) 0.000 1.317 (0.771-2.252) 0314
BCLC stage 1.550 (1.350-1.779) 0.000 1.929 (1211-3.073) 0.006
Pathological differentiation 0.918 (0.541-1.557) 0751
AFP ratio 2.074 (1.402-3.068) 0.000 0.533(0.358-0.791) 0.002

WBC, white blood cells; HB, hemoglobin; PLT, platelets; Na, Na ion; ALT, alanine aminotransferase; AST, aspartate transaminase; Tbil, total bilirubin ALP, alkaline phosphatase; HBsAg, hepatitis B surface
antigen; HBV, hepatitis B virus; MVI, microvascular invasion; AFP ratio, alpha-fetoprotein ratio; AJCC, American Joint Committee on Cancer; BCLC, Barcelona Clinic Liver Cancer.
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Primer name Primer sequence

PPT1 For GAGGACGTGGAGAACAGCTT

PPT Rev GGCATCGAGGGAGTCCAAAA

HK3 For TGAGGTTGGGCTAGTTGTAGACAC
HK3 Rev TGAGCACCAGGATTCAGGGA
ADCKS3 For CAGCCAGGAGATTCGGAACG
ADCK3 Rev TATGGATTTCGCCCGCACA
GAPDH For CGAAGGTGGAGTCAACGGATTT

GAPDH Rev ATGGGTGGAATCATATTGGAAC
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Risk  Score

~0.01588) x expression ADCK3 + 0.183293 x expression PPT1 + 0.09556 x expression HK3  (2)
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Variables Univariate Analysis Multivariate Analysis

HR (95% Cl) HR (95% Cl)
Sex 1.741 (0.760-3.987) 0.190
Age, years ‘ 0.976 (0.625-1.524) 0917
WBC, x10°/L 1.060 (0.549-2.046) 0.862
HB, g/L 1.391 (0.756-2.559) 0.289
PLT, x10°/L 0.993 (0.514-1.918) 0.983
Na, mmol/L 1.048 (0.457-2.400) 0.912
ALT, U/L 1.157 (0.720-1.858) 0.547
AST, U/L 1.589 (1.042-2.421) 0.031 1.601 (1.042-2.462) 0.032
Thil, U/L 1.159 (0.745-1.803) 0.514
ALB, g/L 1.826 (0.447-7.466) 0.402
¥-GT, U/L 1.417 (0.938-2.139) 0.097
HBsAg 1527 (0.738-3.159) 0.253
HBV-DNA 1.154 (0.732-1.819) 0.538
Cirrhosis 1.267 (0.984-1.631) 0.067
Number of tumors 1.265(0.727-2.203) 0.405
Tumor size, cm 1.926 (1.270-2.919) 0.002 1.457 (0.731-2.905) 0.285
MVI 2.014 (1.299-3.122) 0.002 0.364(0.111-1.201) 0.097
AJCC T stage 1.636 (1.176-2.274) 0.003 0.695 (0.361-1.339) 0.277
BCLC stage 1.436 (1.194-1.727) 0.000 2.248 (1.239-4.081) 0.008
Pathological differentiation 1.137 (0.571-2.264) 0.714
AFP ratio 2.027 (1.159-3.547) 0.013 2.248(1.361-4.406) 0.003

WBC, white blood cells; HB, hemoglobin; PLT, platelets; Na, Na ion; ALT, alanine aminotransferase; AST, aspartate transaminase; Tbil, total bilirubin; ALP, alkaline phosphatase; HBsAg, hepatitis B surface
antigen; HBV, hepatitis B virus; MVI, microvascular invasion; AFP ratio, alpha-fetoprotein ratio; AJCC, American Joint Committee on Cancer; BCLC, Barcelona Clinic Liver Cancer.
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Type

chelator

chelator

chelator

chelator

chelator

ionophore

ionophore

ionophore

Copper regulat

Tetrathiomolybdate

Trientine

D-penicillamine

Choline tetrathiomolybdate

Tetraethylenepentamine
pentahydrochloride

Elesclomol

Disulfiram

Clioquinol

Abbrev

™

TETA

DPA

ATN-224

TEPA

ES

DSF

<Q

Molecular formula

MoS4

C6H18N4

C5H1INO2S

[(CH3)3NCH2CH20H]2
[MoS4]

C8H23N5-5HCI

CI9H20N40252

C10H20N2S4

C9H5CIINO

Trial Phase Related targets  Refs
Animal model NE-kB (86,
116)
Cell and animal models MEK1/2 (48,
117)
Cell model IL-1 (118,
119)
Cell model FGF1 (118,
119)
Animal model, Phase II trial VEGF (120~
122)
Cell and animal models, LOX (116,
Phase II trial 123)
Animal model CCO (88)
Phase I trial 1L-6 (121,
122)
Phase II trial IL-8 (121,
122)
Phase II trial bFGF (121)
Cell model IL-8 (124)
Animal model CD31 (102)
Cell model P38 MAPK 97)
Animal model LOX (125)
Cell model SOD1 (126)
Cell model PD-L1 (56)
Cell model HIF-1 (87)
Cell model GSH (106)
Cell and animal models FDX1 (65, 69)
Cell model ALDH (127)
Cell model ubiquitin protein (112)
pathway
Animal model NF-kB (115,
128)
Cell model P38 MAPK (113)
Cell model Proteasome (129)
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Full name

Subcellular

Function

locations
FDX1 Ferredoxin 1 Mitochondrion Locates upstream of lipoic acid pathway, reducing Cu** to Cu* (70, 77,
matrix 78)
LIPT1 Lipoyltransferase 1 Mitochondrion Modulation of the lipoic acid pathway, involved in the lipid acylation of DLAT (71)
CDKN2A  Cyclin-dependent kinase Nucleus and Induces cell cycle arrest in G1 and G2 phases, its mutation is the common molecular (79, 80)
inhibitor 2A Cytosol anomalies in HCC
GLS Glutaminase kidney isoform Mitochondrion Catalyzes the catabolism of glutamine (81-84)
Cytoplasm and
cytosol
DLAT Dihydrolipoamide Mitochondrion Mediates the conversion of pyruvate to acetyl-CoA, involved in glycolysis (85)
acetyltransferase matrix
PDHB pyruvate dehydrogenase B Mitochondrion Mediates the conversion of pyruvate to acetyl-CoA, induced metabolic (86)
matrix reprogramming of TCA cycle
MTF1 Metal regulatory transcription Nucleus and Zinc-dependent transcriptional regulator for metal ions adaption (87)

factor 1

Cytoplasm
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NCT number ~ Title

NCT0#826406 | A Study of Camrelizumab Combined Apatinb in Hepatocellular Carcinoma Previously Treated With Immune
Checkpoint Inhibitors
NCTO4696055 | Regorafenb Plus Pembrolizumab in Patients With Advanced or Spre
Liver Cancer Who Have Been Previously Treated With PD-1/PD-L1 Immune Checkpoint Inhibitors
NCT03970616 | A Study of Tivozanib in Combination with Durvalumab in Subjects With Advanced HCC.
DEDUCTIVE
NCTUSI78043 | GT90001 Plus Nivolumab in Patients With Advanced HCC
NCT0S08017 | Regorafenib Combined With PD-1 Inhibitor Therapy for Secondline Treatment of HCC
NCTOA183088 | Regorafenib Plus Tislelizumab as Firstlin Systemic Therapy for Patients With Advanced HCC
NCTOS086692 | A Beta-only IL-2 ImmunoTherap Study
ABILITY
NCTOI050462 | Nivolumab Combined With BMS-986253 in HCC Patients

NCT03893695 | Combination of GT90001 and Nivolumab in Patients With Metastatic HCC.

NCT03682276 | Safety and Bioactivity of Ipilimumab and Nivolumab Combination Prior to Liver Resection in HCC

PRIME-HCC

NCTUS257590 | CVM-1118 in Combination With Nivolumab for Unresectable Advanced HCC

NCTO#57615 | A Study of Reladimab in Combination With Nivolumab in Participants With Advanced Liver Cancer Who Have
Never Been Treated With Immuno-oncology Therapy After Prior Treatment With Tyrosine Kinase Inhibitors

NCTO3841201 | Immunotherapy With Nivolumab in Combination With Lenvatinib for Advanced Stage HCC

NCTOIGS$878 | An Immunostherapy Study to Evaluate the Effectiveness, Safety and Toleabilty of Nivolumab or Nivolumab in
Combination With Other Agents n Patients With Advanced Liver Cancer

CheckMated0

NCT0#039607 | A Study of Nivolumab in Combination With Ipilimumab in Particy

CheckMatesDW.

NCT0A170556 | Regorafenib Followed by Nivolumab in Patients With HCC

GONG

NCTO3539822 | Cabozantinib Plus Durvalumab

or Without Tremelimumab in Patients

caMILLA With Gastroesophageal Cancer and Other Gastrointstinal Malignancies

NCTO#102098 | A Study of Atezolizumab Plus Bevacizumab Versus Active Surveilance as Adjovant Therapy in Patients with
HCC at High Risk of Recurrence After Surgcal Resection or Ablation

IMbravedso

NCT0#912765 | Neoantigen Dendritc Cell Vaccine and Nivolumab in HCC and Liver Metastases From CRC

NCTO382943 | TPST-1120 as Monotherapy and in Combination With Nivolumab in Subjects With Advanced Cancers

NCTO3170960 | Study of Cabozantinib in Combination With Atezolizumab to Subjects With Locally Advanced or Metasatc Slid
Tumors

NCTUS176483 | Study of XL092 in Combination With Immuno-Oncology Agents in Subjects With Solid Tumors

NCTUS337157 | A Study of Nivolumab and Relatlimab in Combination With Bevacizumab in Advanced Liver Cancer

RELATIVITY-106

NCTO3439891 | Sorafenib and Nivolumab in Treating Participants With Unresectable, Locally Advanced or Metastatic Liver
Cancer

Abbreviations: HOC, hepatocellular carcinomas ICI, immune checkpoint inhibitor.
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ICIs+Lenvatinib 1CIs+GC

All patients (n = 51)

Adverse events (n = 25) (n =26)
n (%)

Grades 1-2 Grade 3 Grades 1-2 Grade 3 Grades 1-2
Fatigue 16 (31.4) 2(39) 7 (28.0) 1(4.0) 9 (34.6) 1(38)
Hypertension 3(59) 0 3 (12.0) 0 0 0
Skin itching 9 (17.6) 0 7 (28.0) 0 2(7.7) 0
Skin eruption 6 (11.8) 0 5(20.0) 0 1(3.8) 0
Hand-foot skin reaction 2(39) 1(2.0) 2 (8.0) 1 (4.0) 0 0
Loss of appetite 20 (39.2) 1(2.0) ‘ 8 (32.0) 1(4.0) 12 (46.2) 0
Nausea and vomiting 16 (31.4) 0 7 (28.0) 0 ‘ 9 (34.6) 0
Constipation 8 (15.7) 0 4 (16.0) 0 4 (15.4) 0
Diarrhea 9 (17.6) 0 5 (20.0) 0 4(15.4) 0
Dizzy 6 (11.8) 1(2.0) 3(12.0) 1(4.0) 3(115) 0
Myelosuppression ‘ 12 (23.5) ‘ 3(59) 1 (4.0) 0 11 (42.3) 3 (11.5)
Transaminase elevation 5(9.8) 0 2 (8.0) 0 3(11.5) 0
Hypothyroidism 3 (5.9) 0 2 (8.0) 0 1(3.8) 0
Immune hepatitis 1(2.0) 0 ‘ 1 (4.0) 0 | 0 0

ICIs, immune checkpoint inhibitors; GC, gemcitabine plus cisplatin.
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Univariate Multivariate

Variables
Hazard ratio (95%Cl) Hazard ratio (95%Cl)

Age, years

<60 Reference

>60 1.90 (0.62-5.84) 0.260
Gender

Female Reference

Male 1.31 (0.40-2.25) 0.659
ECOG

0-1 Reference

2 5.26 (1.71-16.22) 0.004* 4.22 (1.13-15.74) 0.032*
Ascites

No Reference

Yes 0.87 (0.19-3.96) 0.859

Hepatic cirrhosis

No Reference

Yes 1.83 (0.50-6.70) 0.359
Metastasis

No Reference

Yes 228 (0.50-10.35) 0.287
CA199, U/ml 7

<37.00 Reference

237.00 1.95 (0.43-8.81) 0.384

Child-Pugh class

A Reference
B 3.55 (1.08-11.60) 0.036* 227 (0.41-12.60) 0.347
ALBI score
1 Reference
2 2.66 (0.59-12.06) 0.203
TNM stage
it Reference
I\ 3.00 (0.39-23.12) 0.291
Treatment
ICIs+GC Reference
ICIs+ lenvatinib 1.31 (0.44-3.91) 0.628
Longest diameter of tumor 1.01 (0.82-1.25) 0.909
Hemoglobin, g/L 0.99 (0.96-1.02) 0.471
Platelet, xg/L 1.00 (0.99-1.00) 0.252
Prothrombin time, s 0.80 (0.49-1.31) 0.382
INR 0.20 (0.00-44.30) 0.562
Tbil, pmol/L 1.03 (1.00-1.05) 0.025* 1.00 (0.97-1.03) 0915
Alb, g/L 0.93 (0.82-1.05) 0.231
ALT, U/L 0.99 (0.97-1.02) 0.549
AST, U/L 1.00 (0.98-1.03) 0.718

Those variables found significant at p < 0.1 in the univariate analyses were entered into the multivariate Cox regression analyses.

CI, confidence interval; ICIs, immune checkpoint inhibitors; GC, gemcitabine plus cisplatin; ECOG, Eastern Cooperative Oncology Group; CA199, carbohydrate antigen 199; ALBI, albumin-
bilirubin; TNM, tumor/node/metastasis; INR, international normalized ratio; Tbil, total bilirubin; ALT, alanine transaminase; AST, aspartate transaminase.

*P value of < 0.05 was considered statistically significant.
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Univariate Multivariate

Variables
Hazard ratio (95% Cl) Hazard ratio (95% Cl)

Age, years

<60 Reference

>60 1.06 (0.49-2.30) 0.885
Gender

Female Reference

Male 0.97 (0.44-2.14) 0.930
ECOG

0-1 Reference I

2 3.00 (1.19-7.57) 0.020* 339 (1.31-8.75) 0.012*
Ascites

No Reference

Yes 0.58 (0.17-1.95) 0.380

Hepatic cirrhosis

No Reference

Yes 1.12 (0.42-2.97) 0.823
Metastasis

No Reference

Yes 1.32 (0.53-3.31) 0.552
CA199, U/ml

<37.00 Reference

237.00 1.34 (0.54-3.35) 0.528

Child-Pugh class

|
» ry— |
B 1.18 (0.41-3.44) 0.761 ‘
ALBI score |
1 Reference
2 1.50 (0.60-3.75) 0.386
TNM stage
1 Reference
v 1.37 (0.47-3.99) 0.567
Treatment
| ICIs+GC [ Reference |
ICIs+ lenvatinib 0.75 (0.34-1.62) 0.457
Longest diameter of tumor 0.98 (0.85-1.13) 0.782
Hemoglobin, g/L 1.01 (0.99-1.03) 0.408
Platelet, xg/L 1.00 (1.00-1.00) 0.722
Prothrombin time, s 0.85 (0.61-1.17) 0.319
INR 0.15 (0.00-6.70) 0.323
Tbil, pmol/L 1.02 (1.00-1.04) 0.117
Albumin, g/L 1.00 (0.92-1.09) 0.980
ALT, U/L 1.00 (0.99-1.01) 0.673
AST, U/L 1.01 (1.00-1.03) 0.095 1.02 (1.00-1.03) 0.051

Those variables found significant at P < 0.1 in the univariate analyses were entered into the multivariate Cox regression analyses.

CI, confidence interval; ICIs, immune checkpoint inhibitors; GC, gemcitabine plus cisplatin; ECOG, Eastern Cooperative Oncology Group; CA199, carbohydrate antigen 199; ALBI, albumin-
bilirubin; TNM, tumor/node/metastasis; INR, international normalized ratio; Tbil, total bilirubin; ALT, alanine transaminase; AST, aspartate transaminase.

“P value of < 0.05 was considered statistically significant.
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ICIs+Lenvatinib ICIs+GC

(In=25) (n = 26)
CR, 7 (%) 10) 0 ‘ 1(8) ‘
PR, n (%) 9 (17.6) 4 (16.0) ‘ 5(19.2) ‘
SD, n (%) 15 (29.4) 9 (36.0) ‘ 6(23.1) l
PD, 1 (%) 26 (51.0) 12 (48.0) ‘ 14 (53.8) ‘
ORR, 1 (%) 10 (19.6) 4 (160) ‘ 6 (23.1) ‘ 0.777
DCR, 1 (%) 25 (49.0) 13 (520) ‘ 12 (46.2) 0.676

ICIs, immune checkpoint inhibitors; GC, gemcitabine plus cisplatin; CR, complete response; PR, partial response; SD, stable disease; PD, progression disease; ORR, objective response rate; DCR,
disease control rate.
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Total (n = 51) ICIs+Lenvatinib ICIs+GC

Variables =) B=e)
Age, years 0.331
<60 28 (54.9%) 12 (48.0%) 16 (61.5%)
> 60 23 (45.1%) 13 (52.0%) 10 (38.5%)
Gender ‘ 0.918
Male 33 (64.7%) 16 (64.0%) 17 (65.4%)
Female 18 (35.3%) 9 (36.0%) 9 (34.6%)
ECOG 0.012*
0-1 44 (86.3%) 18 (72.0%) 26 (100.0%)
2 7 (13.7%) 7 (28.0%) 0
Ascites 0.047*
Yes 8 (15.7%) 7 (28.0%) 1(3.8%)
No 43 (84.3%) 18 (72.0%) 25 (96.2%)
Hepatic cirrhosis 0.125
Yes 9 (17.6%) 7 (28.0%) 2(7.7%)
No 42 (82.4%) 18 (72.0%) 24 (92.3%)
Metastasis 0.789
Yes 40 (78.4%) 20 (80.0%) 20 (76.9%)
No 11 (21.6%) 5 (20.0%) 6 (23.1%)
CA199, U/ml 0.687
<37.00 13 (25.5%) 7 (28.0%) 6 (23.1%)
237.00 38 (74.5%) 18 (72.0%) 20 (76.9%)
Child-Pugh class 0.202
A 44 (86.3%) 20 (80.0%) 24 (92.3%)
B 7 (13.7%) 5 (20.0%) 2 (7.7%)
ALBI score 0.811
1 13 (25.5%) 6 (24.0%) 7 (26.9%)
2 38 (74.5%) 19 (76.0%) 19 (73.1%)
TNM stage 0503
ity 9 (17.6%) 3 (12.0%) 6(23.1%)
I\ 42 (82.4%) 22 (88.0%) 20 (76.9%)
Tumor differentiation 0.505
Well 1 (2.0%) 1 (4.0%) 0
Moderately 10 (19.6%) 4 (16.0%) 6 (23.1%)
Poorly 25 (49.0%) 11 (44.0%) 14 (53.8%)
Unknown 15 (29.4%) 9 (36.0%) 6 (23.1%)
Longest diameter of tumor 5.2 (3.13-8.03) 5.1 (3.3-8.6) 6.0 (2.9-8.0) 0.950
Hemoglobin, g/L 124.0 (107.0-143.0) 130.0 (106.0-143.5) 116.5 (106.5-143.8) 0.540
Platelet, xg/L 188.0 (140.0-231.0) 187.0 (117.0-256.0) 192.0 (144.5-222.8) 0.618
‘ Prothrombin time, s 119 (11.3-12.8) 12.1 (11.3-12.9) 11.8 (11.4-12.7) 0.836
INR 1.01 (0.97-1.08) 1.02 (0.96-1.10) 1.01 (0.97-1.07) 0.618
Tbil, pmol/L 13.1 (9.5-17.5) 13.5 (8.9-18.9) 12.7 (9.6-16.8) 0.720
Albumin, g/L 37.1(33.5-39.2) 362 (32.5-39.3) 37.5(34.0-39.2) 0.540
ALT, U/L 25.1 (16.6-29.6) 217 (13.4-27.1) 26.8 (20.2-37.5) 0.017*
AST, U/L 29.6 (24.3-37.0) 277 (22.6-35.7) 30.5 (27.3-44.6) 0.134

ICIs, immune checkpoint inhibitors; GC, gemcitabine plus cisplatin; ECOG, Eastern Cooperative Oncology Group; CA199, carbohydrate antigen 199; ALBI, albumin-bilirubin; TNM, tumor/
node/metastasis; INR, international normalized ratio; Tbil, total bilirubin; ALT, alanine transaminase; AST, aspartate transaminase.
*P value of < 0.05 was considered statistically significant.
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Patients diagnosed with advanced

intrahepatic cholangiocarcinoma
(N=51)

Anti-cancer treatments

PD-1/PD-L1 plus lenvatinib ‘ PD-1/PD-L1 plus GC
(N=25) (N=26)
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Abbreviations: ICls, immune checkpoint inhibitors; GC, Gemcitabine plus cisplatin; LEN, lenvatinib.
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Name Fol Reverse
pre-rRNA GCTGACACGCTGTCCTCTG TCGGACGCGCGAGAGAAC

B-actin AGAGCTACGAGCTGCCTGA AGCACTGTGTTGGCGTACAG
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NA region forw: reverse

upstream -988 GCTTCTCGACTCACGGTTTC -798 GGAGCTCTGCCTAGCTCACA

upstream -410 GATCCTTTCTGGCGAGTCC 272 GGAGCCGGAAGCATTTTC

promoter -48 GAGGTATATCTTTCGCTCCGAGTC -14 CAGCAATAACCCGGCGG

SETS 851 GAACGGTGGTGTGTCGTT 961 GCGTCTCGTCTCGTCTCACT

188 4013 AAACGGCTACCACATCCAAG 4148 CCTCCAATGGATCCTCGTTA
I 288 I 10319 GAACTTTGAAGGCCGAAGTG 10450 ATCTGAACCCGACTCCCTTT

1GS 18499 TGGTGGGATTGGTCTCTCTC 18572 CAGCCTGCGTACTGTGAAAA
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Name

shTAF1B RNA#1

5

sequences

GCCACAATGTTACAGAGAGAT

shTAF1B RNA#2

GCAGGTGAGCTTCATTTGATT

shTAF1B RNA#3

shTAF1B RNA#4

shTAF1B RNA#5

shTAF1B RNA#6

CCTACGGTATTAGAAGATAAT

GCCTTAAAGAACCTTGGAGTA

CCTACGGTATTAGAAGATAAT

GCAGGTGAGCTTCATTTGATT
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ICGC-LIRI-JP (N = 212) GSE76427 (N = 115) GSE14520 (N

Alive 226 176 92 136
Dead 129 36 23
Mean £ SD 5981 £ 13.10
Median [min-max] 61.00[16.00,90.00]
FEMALE 115
MALE 240
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For the data analyzed in this study please see: https://www.jianguoyun.com/p/DcQQQIoQ7NfMCxiwxYUFIAA.
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Factor = Total number = PTGES3 expression high/

low
Gender
Male 65 47/18
Female 15 12/3 0.542
Age (years)
<60 46 35/11
>60 34 24/10 0.446
AFP (ng/ml)
<20 44 30/14
>20 36 29/7 0.211
ALT (U/L)
<40 56 41/15
>40 24 17/7 0.698

Pathologic stage

I-11 45 29/16

I-1v 35 30/5 0.032*
TNM stage

1 39 26/13

I 34 2717

it 7 6/1 0.308

Tumor size (cm)

<5 54 V 38/16

>5 26 21/5 0.322
Microvascular invasion*

No 43 30/13

Yes 37 29/8 0.383
Hepatitis B status

Negative 14 8/6

Positive 66 51/15 0.12

AFP, o-fetoprotein; PTGES3 expression high: the expression of PTGES3 in HCC tissues was
higher than the mean expressions in IHC; PTGES3 low expression: the expression of PTGES3
in HCC tissues was lower than the mean expressions in IHC. *Data are missing for some
patients. *p < 0.05.
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Univariate analysis Multivariate analysis

Characteristics Total(N)
Hazard ratio (95% Cl) P value Hazard ratio (95% Cl) P value
Age 365 0.196
<65 216 Reference
265 149 1.262 (0.888 - 1.794) 0.194
Gender 365 0.367
FEMALE 119 Reference
MALE 246 0.845 (0.588 - 1.215) 0.364
Tumor_grade 360 0.800
Gl 55 Reference
G2 175 1.137 (0.670 - 1.930) 0.635
G3 118 1.201 (0.689 - 2.094) 0.518
G4 12 1.640 (0.606 - 4.442) 0.330
Pathological stage 365 < 0.001
Stage 1 170 Reference Reference
Stage 1T 84 1.451 (0.881 - 2.390) 0.144 2911 (0.602 - 14.085) 0.184
Stage 111 83 2.700 (1.759 - 4.142) < 0.001 1.544 (0.434 - 5.486) 0.502
Stage IV 4 5.645 (1.739 - 18.325) <0.01 0.000 (0.000 - Inf) 0.996
Unknown 24 2.680 (1.429 - 5.026) <0.01 1.933 (0.673 - 5.552) 0.221
T Stage 365 < 0.001
T1 180 Reference Reference
T2 91 1.406 (0.876 - 2.258) 0.158 0.469 (0.105 - 2.100) 0.322
T3 78 2.603 (1.705 - 3.974) < 0.001 1.636 (0.475 - 5.632) 0.435
T4 13 5.262 (2.626 - 10.547) < 0.001 2.353 (0.680 - 8.141) 0.177
Tx 3 1.746 (0.240 - 12.720) 0.582 1.603 (0.187 - 13.734) 0.667
M Stage 365 <0.05
Mo 263 Reference Reference
M1 3 4.149 (1.304 - 13.203) <0.05 27893.3627 (0.000 - Inf) 0.996
Mx 99 1.514 (1.032 - 2.220) <0.05 1.650 (1.061 - 2.568) <0.05
N Stage 365 0.200
No 248 Reference
N1 4 2.051 (0.502 - 8.381) 0.317
Nx 113 1.375 (0.941 - 2.009) 0.100
Risk score 365 <0.001
High 182 Reference Reference
Low 183 0.328 (0.225 - 0.477) < 0.001 0.330 (0.224 - 0.487) < 0.001

‘The bold values denote statistical significance at P < 0.05 or P < 0.001.
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racteristics levels Low-risk Low-risk method
n 183 182
event, n (%) Alive 140 (38.4%) 99 (27.1%) <0.001 Chisq test
Dead 43 (11.8%) 83 (22.7%)
Age, n (%) <65 104 (28.5%) 112 (30.7%) 0.36 Chisq test
265 79 (21.6%) 70 (19.2%)
Gender, n (%) FEMALE 58 (15.9%) 61 (16.7%) 0.71 Chisq test
MALE 125 (34.2%) 121 (33.2%)
tumor_grade, n (%) Gl 40 (11%) 15 (4.1%) <0.001 Yates' correction
G2 97 (26.6%) 78 (21.4%)
G3 38 (10.4%) 80 (21.9%)
G4 4 (1.1%) 8 (2.2%)
Unknown 4 (1.1%) 1(0.3%)
pathologic_stage, n (%) Stage I 104 (28.5%) 66 (18.1%) <0.001 Yates' correction
Stage I 35 (9.6%) 49 (13.4%)
Stage 11T 29 (7.9%) 54 (14.8%)
Stage IV 2(0.5%) 2 (0.5%)
Unknown 13 (3.6%) 11 (3%)
T Stage, n (%) T1 112 (30.7%) 68 (18.6%) <0.001 Yates' correction
T2 37 (10.1%) 54 (14.8%)
T3 28 (7.7%) 50 (13.7%)
T4 3(0.8%) 10 (2.7%)
Tk 3(0.8%) 0 (0%)
M Stage, n (%) Mo 129 (35.3%) 134 (36.7%) 0.631 Yates' correction
M1 1(0.3%) 2 (0.5%)
MX 53 (14.5%) 46 (12.6%
N Stage, n (%) NO 120 (32.9%) 128 (35.1%) 0.615 Yates' correction
N1 2(0.5%) 2 (0.5%)
Nx 61 (16.7%) 52 (14.2%)
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NCT03608631

NCT03608631

NCT03437759

NCT03437759

NCT04386049

NCT03608631

NCT03213314

NCT03608631

NCT03608631

NCT04386049

NCT03608631

NCT04421136

NCT03608631

NCT03608631

NCT03608631

NCT03873734

NCT03213314

NCT03608631

NCT04276987

NCT03873734

NCT04045405

NCT04421136

NCT04276987

NCT04045405

NCT04276987

Cancer type
Non-small cell lung cancer
Pancreatic cancer
Acute myeloid leukemia
Chronic lymphocytic leukemia
Multiple myeloma
Metastatic colorectal cancer
Melanoma
Hepatocellular carcinoma
Breast cancer
Hodgkin lymphoma
Non-Hodgkin lymphoma
Polycythemia vera
Ovarian cancer
Acute lymphoblastic leukemia
Prostate cancer
Myeloproliferative neoplasms
Gastric cancer
Myelodysplastic syndromes
Head and neck cancer
Chronic myeloid leukemia
Bladder cancer
Acute promyelocytic leukemia
Esophageal cancer
Leukemia

Brain cancer

Exosome type
Dendritic cell-derived exosomes
Autologous dendritic cell-derived
Mesenchymal stem cell-derived exosomes
Dendritic cell-derived exosomes
Mesenchymal stromal cell-derived
Mesenchymal stromal cell-derived
Dendritic cell-derived exosomes
Autologous dendritic cell-derived
Dendritic cell-derived exosomes
Dendritic cell-derived exosomes
Mesenchymal stromal cell-derived
Mesenchymal stromal cell-derived
Mesenchymal stromal cell-derived
Dendritic cell-derived exosomes
Autologous dendritic cell-derived
Mesenchymal stromal cell-derived
Mesenchymal stromal cell-derived
Mesenchymal stromal cell-derived
Dendritic cell-derived exosomes
Dendritic cell-derived exosomes
Autologous dendritic cell-derived
Dendritic cell-derived exosomes
Mesenchymal stromal cell-derived
Dendritic cell-derived exosomes

Mesenchymal stromal cell-derived

Results/O

omes
Ongoing trial, results not available yet
Ongoing tria, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing tril, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet
Ongoing trial, results not available yet

Ongoing trial, results not available yet

Yeal

Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing
Ongoing

Ongoing
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Hematological

malignancies

Exosomes

Cancer cell line or
target

Finding

References

Acute myeloid
leukemia (AML)

hMS-bone marrow (BM)Arsenic trioxide
and derived exosomes

NB4 cell line

more significant amounts of apoptosis
‘markers

Abbaszade Dibavar
et al. (2018)

BM-MSC-exo treatment NB4 cell line S100A4 deficiency reduced leukemia cell | Lyu etal. (2021)
proliferation and dispersion
Exosomes from stimulated NK cells NK cells Increase the immunological response | Di Pace et al. (2020)
contain key cytotoxic chemicals such as to AML
IFN-g, lymphocyte function-associated
antigen (LFA-1), DNAX accessory
molecule-1 (DNAM1), and programmed
cell death protein (PD-1)
PEGylated liposomal doxorubicin U937 cells make U937 cells more susceptible to the | Hekmatirad et al.
(PLD)/GW4896 cytotoxic effects of PLD (2021)
Blocking exosomes HS-5 BMSCs etoposide-induced apoptosis was boosted | Chen et al. (2019)
Acute Lymphoblastic exosome-derived miRNA-181a ExomiR-181a inhibition reduced the | Haque and Vaiselbuh
Leukemia (ALL) expression of genes that promote cell (2020)
proliferation, such as BCL2, PCNA,
MCL-1, and KI-67. Furthermore,
blocking pro-apoptotic genes like BAX or
BAD can limit exosome-induced cell
proliferation
Exosomes derived from leukemia LEX cell lines TGE-1 suppression by shRNA, decrease | Huang et al. (2018)

Chronic myeloid
leukemia (CML)

Lymphomas

Multiple Myeloma

(LEXTGF-1si)

Chimeric antigen receptor-exosome
cdi9
Imatinib-armed IL3-exosomes

venetoclax-armed immunoliposome
(IL-VX)

CD19-positive B-cell
neoplasms

CML blasts

CML cell line

of leukemia cell proliferation, and
increased survival in an animal model

Increased cellular toxicity and
programmed cell death

In vitro and in vivo inhibition of leukemia
cell growth

induce Apoptosis

Hagque and Vaiselbuh
(2021)

Bellavia et al. (2017)

Houshmand et al.
(2021)

exosomal elimination of miR-21 in
curcumin plasma

LAMAB4-originated exosomes

BM MSC-Exo

Mesenchymal stromal cell exosomes
(hUC-MSC-Exo)

‘Curcumin is contained within exosomes
derived from lymphoma cells

TRAIL + exosomes

Exosome-like nanoparticles carrying
SIRNA

Gp350c exosomes

Exosomes were produced by cells that
had been exposed to antibodies

HSP70-modified exosomes derived from
MM cells

Exosomal circrna

CML xenograft in SCID
mice

leukemic cells

CML cells

K562 951 cells
CD11b+/Gr-1+ cells

SUDHL4-bearing mice

1820 lymphoma cells

CD21 on B-cell

MM cells (BFO1)

HIC2 cells

Exosome miRNA-21 may contribute to
curcumin’s antitumoral effects in CML

Exosomes increased cell proliferation and
produced an antiapoptotic phenotype

Through miRNA-15a, inhibit CML cell
proliferation in vitro and trigger
apoptosis

Suppression of induced cell viability and
apoptosis

Increases programmed cell apoptosis and
has anti-inflammatory properties

Reduction In Lymphoma Multiplication

1n 1820 lymphoma cells, inhibiting ¢-Myc
effectively activated poly (ADP-ribose)
polymerase-dependent apoptotic systems

Powerful immunogenic effect,
stimulating the proliferation of tumor-
associated and EBV-specific T cells

NK cells exhibited a decrease in the

expression of genes involved in the cell

eycle and an increase in the expression of

genes associated with the stimulation of
the immune response

Triggered effective CD4+/Thl, CD8+/
CTL, and NK-mediated anti-MM
immune response

Exo-circrnas could develop into a novel
diagnostic marker for myocardial injury

Taverna et al. (2015)

Raimondo et al. (2015)

Zhang et al. (2020b)

Liu et al. (2018)

Sun et al. (2010)

Rivoltini et al. (2016b)

Lunavat et al. (2016)

Ruiss et al. (2011)

Malavasi et al. (2021)

Xie et al. (2010)

Sun etal. (2021)






OPS/images/fonc.2023.1182434/fonc-13-1182434-g009.jpg
050

025

igh rsk
ow ik

D

100/

g
&
g
<
3

025

000

igh risk
ow ik

p<00001 :
7 ) o E
Follow up ime(@)
Number atrisk
0 b 51 2 2
" £ es » s
7 e 0 o E
Folow up time(d)
p-ocote Eox
7 % 3] o w0
Follow up tme(d)
Number atrisk
214 157 n . '
214 s m B 1
7 % &0 %o =
Follow up time(d)

Sensitivity

0.2 04 06 0.8 1.0

0.0

0.2 04 0.6 08 1.0

0.0

—— AUC at 5 years: 0.764

T T T T
04 06 08 1.0

1-Specificity

\

Trament Trssnol Prbatity

—— AUC at 1 years: 0.706
—— AUC at 3 years: 0.624
—— AUC at 5 years: 0.719

T T T T
04 06 08 10

1-Specificity

Nt Bt

Toament Theshols Provbity

— oo





OPS/images/fphar-14-1263834/fphar-14-1263834-t001.jpg
Hematological

malignancies

Exosome cargos

Action mechanisms

References

Adult T- cell leukemia (ATL)

Chronic Myeloid
Leukemia (CML)

Tax, AKT, Rb, cFLIP, NF-kB
miR-92a
miR-365

hTERT mRNA

BCR-ABL1 mRNA

Amphiregulin

MAC

TGE-b

Enhance cell survival in murine and human T-cell cell lines
Stimulated the development of vascular tubular structures
Suppressed the production of Caspase3 and tumor cell apoptosis

Enhanced the transformation of fibroblasts into CAF which aids
leukemia cell survival

Induced BM-MSC to acquire a pro-tumor phenotype

Stromal cells’ EGER signaling is activated, and their expression of
IL-8 is enhanced

Eliminated the MAC, which kills cancer, from malignant cells

Enhanced the survival and growth of malignant cells

Hong et al. (2014)
Ohyashiki et al. (2016)
Wang et al. (2014)

Webber et al. (2010)

Gross et al. (2012)

Kumar et al. (2018), Rezaie et al.
(2021)

Haderk et al. (2017)

Gross et al. (2012)

Acute lymphoblastic
leukemia (ALL)

Acute myeloid
leukemia (AML)

Iymphonia

Multiple myeloma (MM)

Galectin-3, NF-kB

Uncertain

FasL, PD-L1, TGF-b

miR-20a miR-196

ABCA3

Promote ALL drug resistance
Inhibited the activity of CD8" T cells by downregulating the
expression of JAK3 (Janus kinase 3) and CD3z in activated T cells
Bel-2, an anti-apoptotic protein, was expressed more frequently
Anti-tumor immune cells were suppressed
Ejected certain RNAs from cells that were not good for tumor
survival

Anti-tumor medicines that are entrapped in membrane
structures

Hong et al. (2014)
Reiners et al. (2013)
Roccaro et al. (2013)

Wieckowski et al. (2009),
Whiteside (2016), Fu et al. (2017)

Chapuy et al. (2008)

Pilzer and Fishelson (2005)

IGF-IR mRNA MMP9 mRNA
TGE-B1 MICA, MICB, ULBP1,
ULBP2, BAG6

1L-10, TGF-b

LMP1

CK2
MICA/B
Doxorubicin, pixantrone
CD20

miR-135b

Increased stromal cell division and encouraged stromal cell
secretion of growth factors

Reduce the ability of NK cells to kill leukemic cells

supported the transformation of CD4'CD25 T cells into
CD4'CD25+Foxp3+ T cells, or Treg cells

increased proliferation and a malignant character in primary
B-cell

©9 was phosphorylated to safeguard malignant cells
NK cell cytotoxicity was decreased
cells were able to remove the chemotherapeutic medicines
lowered the bioavailability of rituximab when coupled with it

reduced FIH-1, increased HIF-1 bioactivity, and encouraged
angiogenesis

Rezaie et al. (2022)
Cheng et al. (2013), Jaworski et al.
(2014)

Reiners et al. (2013)

Corrado et al. (2016)

Wang et al. (2016)

Hong et al. (2017)

Gong et al. (2013)
Torreggiani et al. (2016)

Naoyo et al. (2006)

1L-6, CCL2, Fibronectin
Heparinase

miR-146a, miR-16-5p, miR-15a-5p,
miR-20a-50, miR-17-5p, bFGF

Increased tumor cell survival, expansion, and migration
encouraging macrophages to release TNF-a

‘Transmits into MSCs and induces secretion of tumor-promoting
cytokines Drug resistance Angiogenesis increase

Hassanpour et al. (2020)
Corrado et al. (2014)

Sezer et al. (2001), De Veirman
et al. (2016), Zhang et al. (2016)

Uncertain Bal-2 expression was elevated as a result of pro-survival signaling Raimondo et al. (2015)
pathways such as JNK, p38, p33, and Akt being activated
STAT3 was controlled, MDSCs grew, and its immunosuppressive Whiteside (2013)
action was increased
Burkitt LMP1 increased proliferation and a malignant character in primary Corrado et al. (2016)
B-cell
leukemia MICA/B NK cell cytotoxicity was decreased Hong et al. (2017)
Chronic lymphocytic Y RNA hy4 induced an immunosuppressive phenotype in monocytes Valenti et al. (2006)
leukemia (CLL)
miR-21, miR-146a, miR-150, mik- | Enhanced MSC proliferation, EC angiogenic activity, CLL cell | Paggetti et al. (2015), Yeh et al.
155, $100-A9 survival and proliferation Drug resistance Activates the NF-kB (2015), Prieto et al. (2017)
pathway and leads to leukemia progression
Uncertain enhanced angiogenesis and endothelial cell migration; increased

stromal cell growth and inflammatory cytokines release

Umezu et al. (2014)
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Forward primer sequence (5'-3')

Reverse primer sequence (5'-3')

PPT1 GGCGTACTCCAAAGTTGTTCAGG CTGCCAAGAAGATGCTGTGGTTG
DAB2 CTCTGTCCAGTCCTCACCACAT GTTCTGAGACGGGAGGAGCAAA

FTL TACGAGCGTCTCCTGAAGATGC GGTTCAGCTTTTTCTCCAGGGC

SAT1 TACCACTGCCTGGTTGCAGAAG CTTGCCAATCCACGGGTCATAG
‘GAPDH CTGGGCTACACTGAGCACC AAGTGGTCGTTGAGGGCAATG
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CTGTTGCAATCCCTTAAGCATGG

si PPT1#2
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ATGGAAGAACAAGTAATCTTAAC

TGGAAGAACAAGTAATCTTAACT






OPS/images/back-cover.jpg
Frontiers in
Oncology

Advances knowledge of carcinogenesis and
tumor progression for better treatment and
management

The third most-cited oncology journal, which

therapeutics and management strategies.

Discover the latest
Research Topics

Averue du Trbunal-Fédéral 34
1005 Lausanne, Switzeriand
nontersinor.

Contactus
+41(0215101700

2 frontiers | Research Topics






OPS/images/fphar-14-1228052/fphar-14-1228052-g010.gif





OPS/images/fphar-14-1101749/fphar-14-1101749-g009.gif





OPS/images/fphar-14-1101749/fphar-14-1101749-g010.gif





OPS/images/fphar-14-1101749/fphar-14-1101749-t001.jpg
TCGA-LIHC cohort (n = 377) LIRIJP cohort (n =

High risk Low risk High risk Low risk

Age 008 0425
<60 86 91 | 2 2
60 89 102 9 88

Gender 0923 0371
Female E 62 | 34 27
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AFP L osi2 NA
<300 60 58 NA NA
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TNM_stage 0010° <0001%
I 67 104 | 13 2
I 43 42 | 42 64
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AFP, alpha-fetoprotein; TNM, cancer staging system.
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Primary Cohort

Patients with pathologically confirmed primary HCC
that underwent surgical resection between July 2020
and October 2021 and received dynamic-enhanced
MRI in the liver within 2 months prior to surgery
(n=1091)

Patients excluded (n=433)
* Preoperative antitumoral treatment (n=424)
* Unavailable clinical data (n=9)

Eligible patients with primary HCC (n=658)

Patients excluded (n=83)

* Poor pathologic/radiologic image quality or
unavailable pathology slides

Eligible patients with primary HCC (n=575)

Validation Cohort

Patients with pathologically confirmed primary HCC
that underwent surgical resection between July 2013
and November 2015 and received dynamic-enhanced
MRI in the liver within 2 months prior to surgery
(n=1210)

Patients excluded (n=664)
* Preoperative antitumoral treatment (n=518)
* Unavailable clinical data (n=81)

* Poor pathologic/radiologic image quality or
unavailable pathology slides (n=65)

Eligible patients with primary HCC (n=546)

Eligible patients with primary HCC that
were assessed for HCC subtypes (n=59)

Non-MTM-HCC (n=522)

MTM-HCC (n=53)

MTM-HCC (n=16) Non-MTM-HCC (n=43)

Two months of the patients were
drawn at random (n=70)
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Parameters CNB LGA-PSa
Co(ng/mL) 215148 + 1632 713.032 £ 2337
C oy (ng/mL) 241313 £ 3421 668.25 + 56.62*
Vg (ml) 1522.30 + 1.54 22342 + 40.420
tya(hr™) 05.21 +0.18 37433 +2.25
CL (mL/hr) 124,51 + 113 32.536 + 8.49*
AUC (ng-mL/hr) , 1956.73 + 111.39 29926.234 + 653.89*
MRT (h) 7.445 + 024 43.0661 £ 1058

Data are presented as mean + SD (n=3) (*) statistically significantly different from ECF.
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Factor HCC 57)
Age 60 (36-77)
Gender
| Male 38 (66.7%)
Female 19 (33.3%)
Risk factor
No-risk factors 10 (17.6%)
Alcohol consumption 22 (38.6%)
Hepatitis B 19 (33.3%)
NA 6 (10.5%)
Clinical stage
Stage I 24 (42.1%)
Stage IT 13 (22.8%)
Stage IIT 20 (35.1%%)

Family cancer history

Yes 12 (21.1%)
No 37 (64.9%)
NA 8 (14%)

NA, Not Applicable.
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Factor LIHC (n = 365)
Age 61 (16-90)
Gender
Male 246 (67.4%)
I Female 119 (32.6%)
Risk factor
No-risk factors 91 (24.9%)
Alcohol consumption 67 (18.4%)
Hepatitis B 73 (20%)
Hepatitis C 32 (8.8%)
Complex 84 (23%)
NA 18 (4.9%)
Pathologic stage
Stage I 170 (46.6%)
Stage 1T 84 (23%)
Stage IIT 83 (22.7%)
Stage IV 4 (1.1%)
NA 24 (6.6%)
Family cancer history
Yes 112 (30.7%)
No 204 (55.9%)
NA 49 (13.4%)

NA, Not Applicable.
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Characteristic

Tumor number

23

Absent or incomplete capsule
Edmonson-Steiner grade
11

-1V

Satellite nodules
Macrovascular invasion
MVI

0

1

2

TMN stage

1

1

il

w

Cirrhosis

Variables are expressed as numbers of patients (percentages).
MVI, microvascular invasion.
while p value <0.05, it was shown in bold.

MTM-HCC
(n=53)

45 (849)
6(11.3)
2(38)

52 (98.1)

11 (20.5)
42 (79.5)
6(113)

3(57)

27 (50.9)
9 (35.8)

7 (13.2)

30 (56.6)
7 (32.1)
6(113)

0

30 (56.6)

Non MTM-HCC

(n=70)

68 (97.1)
1(14)
1(1.4)

67 (95.7)

26 (37.1)
44 (63.9)
11 (157)

1(14)

51 (72.9)
4(20)

5(7.1)

47 (67.1)
20 (28.6)
3(43)
0

43 (614)

0.015

0.818

0.050

0.484

0.425

0.009

0.168

0.590
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MTM-HCC

MRI Findings

=53)
Main tumor size (cm) 3.7 (2.1-5.6) 34 (22-53) 029 |
Segments involvement 0.153
1 33 (62.3) 52 (74.3)
2 17 (32.0) 14 (20)
>3 3(5.67) 4 (5.71)
Irregular tumor margin 43 (81.1) 45 (64.3) 0.040
Substantial necrosis 21 (39.6) 14 (20.0) 0.017
Hemorrhagic component 15 (28.3) 7 (10) 0.009
Fat component 15 (28.3) 10 (14.3) 0.056
Rim APHE 5(4.1) 2(1.6) 0.244
Non-Rim APHE 46 (86.8) 65 (92.9) 0.262
Corona enhancement 18 (34) 12 (17.1) 0.031
Non-peripheral washout 49 (92.5) 62 (88.6) 0473
Enhancing capsule 35 (66) 41 (58.6) 0.399
Tumor in vein 8 (15.1) 5(7.1) 0.155 |
*LI-RADS version 2018 category 0.529
LR-IT 3(59) 0(0)
LRIV 3(5.9) 6(9.2)
LR-V 35 (68.6) 52 (80)
LR-M 3(5.9) 2(3.1)
LR-TIV 7 (13.7) 5(7.7)

Variables are expressed as median (interquartile range) or number of patients(percentage).

HCC, Hepatocellular Carcinoma; APHE, arterial phase hyperenhancement; LI-RADS, Liver Imaging Reporting and Data System.
*Determined in 116 patients for whom LI-RADS algorithm can be applied.

while p value <0.05, it was shown in bold.
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Variable Univariable OR P

Age, years 099 (0.96-1.02) 0590
Main tumor size (cm) 1.07 (0.94-1.23) 0316
Sex (male) 1.79 (0.67-4.77) 0243

MRI features

Multiple segments involvement 141 (0.77-2.59) 0.267
Irregular tumor margin 2.39 (1.03-5.56) 0.040 1.98 (0.80-4.87) 0.139
Substantial necrosis 2.63 (1.18-5.86) 0.019 1.89 (0.75-4.74) 0.176
Hemorrhagic component 3.55 (1.33-9.50) 0.012 2.75 (0.92-8.20) 0.070
Fat component 2.37 (0.97-5.81) 0.060 2.02 (0.77-5.29) 0.154
Rim APHE 3.54 (0.66-19.0) 0.140
APHE 0.51 (0.15-1.70) 0.268
Corona enhancement 2.49 (1.07-5.78) 0.034 2.52 (1.02-6.24) 0.045
Non-peripheral washout 1.58 (0.45-5.56) ' 0.475
Enhancing capsule 1.38 (0.67-2.89) 0.399
Tumor in vein 231 (0.71-7.52) 0.164
LI-RADS version 2018 category 0.53 (0.21-1.36) 0.187

Data in parentheses are 95% Cls.
HCC, Hepatocellular Carcinoma.
while p value <0.05, it was shown in bold.
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Variable Univariable HR P

ultivariable HR

Age, years 0433
main tumor size 25cm 3.21 (1.39-7.44) 0.006 0.056
Sex, male/female 0.590
MRI features
multiple segments involvement 0.501
Trregular tumor margin 0.095
Substantial necrosis 0.442
Hemorrhagic component 0588
Fat component 0903
Rim APHE 0.590
APHE 0.848
Corona enhancement 3.53 (1.53-8.15) 0.003 2.56 (1.08-6.08) 0.033
Non-peripheral washout 0.345
Enhancing capsule 0522
LI-RADS version 2018 category 0.755

Pathologic Characteristics

Two or more lesions 0.191
Absent or incomplete capsule 0.133
MVI 2.84 (1.65-4.90) <0.001 2.45 (1.40-4.30) 0.002
Edmonson-Steiner grade 2.29 (1.05-4.97) 0.037 0.085
Macrovascular invasion 2.86 (1.23-6.61) 0.014 0.965
Satellite nodules 0.092
Cirrhosis 0.927

Data in parentheses are 95% Cls.
APHE, arterial phase hyperenhancement; LI-RADS, Liver Imaging Reporting and Data System; MVI, microvascular invasion.
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Characteristic

Age, years 59 (49.5-65.5) 61.5 (51.5-67.0) 0.594
Sex, male/female 46/7 55/15 0239
BMI, kg/m* 23.5 (21.3-25.6) 22.6 (21.2-24.7) 0.477
*Chronic alcohol consumption 7 (15.6) 12 (30.8) 0.096
*Family cancer history 11 (23.9) 5 (12.8) 0.192
HBYV infection 43 (81.1) 54 (77.1) 0.592
HCYV infection 1(1.9) 3(43) 0.818
AFP, ng/ml 50 (4.70-563.3) 26.9 (4.1-369.4) 0.445
CEA, ng/ml 27 (17-42) 2.7 (1.9-3.9) 0473
TCA125, U/ml 12,6 (9.1-20.1) 114 (8.0-15.1) 0.118
TCA199, U/ml 5.9 (3.3-13.0) 7.2 (3.1-16.8) 0.375
Albumin, g/L 43.5 (41.3-46.7) 43.6 (40.1-45.8) 0.563
'SF, ng/ml 202.4 (123.5-319.1) 223.9 (131.8-331.6) 0.394
Cretinine, umol/L 76.0 (66.5-83.5) 75.0 (65.8-84.0) 0.806
AST, U/L 29.0 (22.0-39.0) 28.5 (22.0-36.3) 0.781
ALT, UL 27.0 (18.0-40.0) 27.5 (18.8-42.8) 0.850
ALP, U/L 83.0 (67.0-105.0) 87.0 (68.8-113.3) 0.358
TB, pmol/L 14.7 (10.9-19.2) 14.4 (10.6-20.3) 0.330
GGT, U/L 42.0 (24.0-66.0) 47.0 (24.8-81.8) 0.601
Platelet count, 10°/L 161.0 (120.5-210.5) 142.0 (97.0-202.0) 0.658
PT, second 12.0 (11.3-13.1) 123 (11.6-12.8) 0.715
BCLC stage B-C 20 (37.7) 16 (22.9) 0.073

"Available number of Carbohydrate antigens 125, Carbohydrate antigens 19-9 and Serum ferritin is 121, 122 and 121, independently.

Variables expressed as median (interquartile range) or number of patients (percentage). HCC, Hepatocellular Carcinoma; HBV, Hepatitis B virus; HCV, Hepatitis C virus; AFP, Alpha-fetoprotein;
CEA, Carcinoembryonic antigen; CA125, Carbohydrate antigens 125; CA199, Carbohydrate antigens 19-9; SF, serum ferritin; AST, Aspartate aminotransferase; ALT, Alanine aminotransferase; TB,
Total bilirubin; GGT, y-glutamyl transpeptidase; PT, prothrombin time.

*Available number of History of alcohol intake and family cancer history is 84 and 85, independently.
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