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Editorial on the Research Topic 

Biomarkers and immunotherapy of hepatic-biliary-pancreatic cancers




1 Introduction

Hepatic-Biliary-Pancreatic (HBP) cancers represent a formidable challenge within the broader spectrum of gastrointestinal malignancies (1). These cancers encompass a complex array of diseases affecting the liver, bile ducts, and pancreas. Incidence rates for HBP cancers have been on the rise, a concerning trend attributed to various factors, including changes in dietary patterns and exposure to environmental pollutants (2). The treatment landscape for HBP cancers, much like other gastrointestinal malignancies, comprises a multifaceted approach that encompasses surgical interventions, chemotherapy, radiotherapy, and the more recent addition of immunotherapy (3–5).

Despite substantial strides in cancer research and treatment modalities, HBP cancers continue to pose significant hurdles. These challenges manifest as recurrent tumors, metastasis to distant organs, and the development of drug resistance, all of which can thwart the prospects of complete recovery (6). The burgeoning field of oncology is witnessing a transformation fueled by innovative research technologies. Genomics, high-throughput sequencing, proteomics, metabolomics, immunotherapy, nanotechnology, liquid biopsy, robotic surgery, artificial intelligence, organoids, and microbiome analysis are among the cutting-edge tools being rapidly integrated into clinical and biomedical research.

These avant-garde approaches have yielded a treasure trove of information that is reshaping our comprehension of HBP cancers. The insights gleaned from these novel techniques have cast new illumination on existing theories, prompting a reevaluation of established paradigms and doctrines. Such breakthroughs have the potential to chart novel pathways of understanding, ultimately leading to more precise and efficacious treatments with fewer adverse events for patients. By keeping abreast of the latest research findings, clinicians and researchers can identify emerging diagnostic and prognostic factors, biomarkers, and risk factors that hold the promise of improving our grasp of the molecular underpinnings of cancer initiation, progression, recurrence, and drug resistance (7).

Furthermore, the exploration of targeted anti-cancer agents represents a pivotal avenue for enhancing the traditional armamentarium of chemotherapy and radiotherapy in combating HBP cancers (8). These efforts are pivotal in advancing the field and offer renewed hope for patients grappling with these formidable diseases. As reported in the Research Topic of Biomarkers and Immunotherapy of Hepatic-Biliary-Pancreatic Cancers, we can anticipate significant strides in the diagnosis, prognosis, and ultimately the survival of patients affected by these intricate malignancies. In sum, the confluence of cutting-edge research methodologies and unwavering dedication to improving patient outcomes promises a brighter future in the fight against Hepatic-Biliary-Pancreatic cancers.




2 Hepatocellular carcinoma

HCC, also known as primary liver cancer, is a formidable malignancy originating from hepatocytes, the primary functional cells within the liver. Its incidence has seen a steady rise in recent decades, contributing to its status as a significant global health concern (9). HCC is predominantly associated with chronic liver diseases, including hepatitis B and C infections, excessive alcohol consumption, non-alcoholic fatty liver disease (NAFLD), and metabolic disorders, particularly cirrhosis (10). Interestingly, in patients with Budd-Chiari syndrome (BCS), the risk factors for developing HCC were examined by (Li K. et al.). Among 113 BCS patients studied, 10.6% (12/113) were diagnosed with HCC. Those who had BCS-associated HCC tended to be older and had elevated serum AST and total bilirubin levels. HCC nodules in these patients were typically found in the right posterior lobe and showed irregular and heterogeneous enhancement during the arterial phase with washout during the delayed phase on CT imaging. The study suggests that BCS patients with IVC block and hepatic venous outflow tract stricture may be at higher risk for HCC development.

The aggressive nature of HCC, coupled with its often late-stage diagnosis, has limited therapeutic options, making it a formidable challenge for healthcare professionals. However, recent advancements in genomics and molecular biology have illuminated the underlying mechanisms of HCC and hold the promise of improved patient outcomes. Zhu Z. et al. reported that high expression of polycomb repressive complex 2 component, PHF19, was correlated with poor prognosis of HCC. PHF19 expression related to tumor mutational burden and immune infiltrates, notably myeloid-derived suppressor cells and Th2 CD4+ T cells. Enrichment analyses linked PHF19 to cell cycle, DNA replication, and immune processes, thus highlighting PHF19 as an epigenetic regulator affecting cancer progression and immune infiltration, with potential clinical implications. Huang et al. investigated the role of Actin-related protein 2/3 complex subunit 5 (ARPC5) in various cancers. ARPC5 was found to be upregulated in most cancer types and associated with worse prognosis in certain cancers. It exhibited low tissue and cell specificity in normal tissues and was linked to tumor microenvironment scores, immune cell infiltration, and immune-related genes in many cancers. Additionally, ARPC5 was positively correlated with factors like TMB, MSI, and RNA modification genes in specific cancers. In their experimental analyses, ARPC5 was found to promote proliferation, migration, and invasion in HCC. Yu et al. examined the role of Complement Factor H-related 4 (CFHR4) in HCC, which was significantly reduced in HCC tissues and was associated with various clinicopathological factors. Functional analysis revealed its potential involvement in several biological pathways, including carcinogenesis and metabolic pathways. CFHR4 expression correlated with immune cell infiltration, affecting various immune cell types. High CFHR4 expression was linked to better survival outcomes in HCC patients. The study also constructed potential CFHR4-related regulatory networks. Xiang et al. found that spermine synthase (SMS), involved in polyamine biosynthesis, is overexpressed in HCC. SMS overexpression in HCC patients is unrelated to hepatitis virus infection and is associated with poor prognosis. High SMS levels are linked to decreased survival rates and limited effectiveness of immune checkpoint blockade (ICB), therefore may impact HCC development by affecting various immune-related pathways. Liu Y. et al. investigated the role of CEP192 in HCC and found that its expression increased with tumor stage and was linked to poor clinical features, recurrence, and higher mortality. CEP192 played a role in the proliferation and self-renewal of hepatic progenitor-like cells, and silencing it inhibited cell proliferation. CEP192 was also associated with immunosuppressive elements in the tumor microenvironment, suggesting it could predict responses to immune checkpoint inhibitors. Cai L. et al. reported that transmembrane protein 88 (TMEM88) plays a role in the canonical Wnt signaling pathway. Their study analyzed TMEM88 expression in HCC, revealing a negative correlation with tumor stage and grade. High TMEM88 levels predicted better overall and disease-specific survival. TMEM88 overexpression reduced HCC cell proliferation in vitro and suppressed HCC progression in a mouse model. Interestingly, Ai et al. developed a bioinformatics pipeline that accurately estimates the number of infiltrating immune cells and bacteria in tumor and normal tissues. Using this pipeline on liver cancer samples, they identified specific bacteria and immune cell types that differ between healthy and diseased tissue, achieving an 84% accuracy in distinguishing them. This tool can help researchers better understand the interactions between immune cells, bacteria, and cancer cells.

In addition to single prognostic biomarkers, a large proportion of studies are now focusing on establishing prognostic model using multiple molecules. Zhang H. et al. identified four distinct tumor microenvironment (TME) subtypes (C1, C2, C3, C4) based on immune, stem, and stromal cell compositions. C1 and C2 exhibited an immune-active TME, while C3 and C4 displayed an immune-insensitive TME. Patients in the C3 subtype had notably worse prognoses, demonstrating the potential for personalized treatment approaches in HCC based on TME subtypes. Liver zonation, characterized by distinct functions across the radial axis of the liver lobule, can impact the development of liver cancer, as reported by (Zhang T. et al.). Their study identified hepatocyte-specific zonation markers and used them to classify HCC into three clusters: non-zonational-like, central-like, and portal-like. Each cluster exhibited different clinical characteristics, immune infiltration, and prognosis. Chen J. et al. identified 16 differentially expressed genes (DEGs) related to liver cancer immunotherapy using machine learning. A CombinedScore based on these DEGs predicted patient response to immunotherapy. Patients with a low CombinedScore were likely to respond better. Metabolism pathways were more active in patients with a high CombinedScore. The CombinedScore was associated with immune cell levels, immune checkpoint expression, and genomic features. Specifically, CDCA7 was identified as a potential therapeutic target and was linked to macrophage polarization and T cell activity. Sun et al. identified two major subtypes of HCC based on the expression of Golgi apparatus-related genes (GARGs). The high-risk subtype (C1) had lower survival rates and poorer response to immunotherapy, along with characteristics indicating immune escape and TP53 mutations. A risk assessment profile based on GARGs was developed, helping predict prognosis and immunotherapy response in HCC patients. Additionally, the study found that interfering with the expression of the BSG gene restricted the proliferation and migration of HCC cells, suggesting it may be associated with poor HCC prognosis. Luo et al. focused on the role of cancer-associated fibroblasts (CAFs) in its progression. The researchers gathered data from various databases and used single-cell transcriptome analysis and ligand-receptor interaction analysis to identify CAF-related genes. They then developed an artificial neural network (ANN) model based on 12 prognostic CAF-related genes, creating a CAF activation score (CAS). Functional and immune analyses showed that high-CAS samples had more active cell crosstalk and immune activity. Mutational analysis revealed differentially mutated genes between high- and low-CAS samples. Clinical analysis resulted in a prognostic nomogram for HCC patients. A novel risk score (RS) based on CD4+ Tconv-related long non-coding RNAs (lncRNAs) was developed for HCC patients by (Zhu L. et al.). Their RS, consisting of six lncRNAs (AC012073.1, AL031985.3, LINC01060, MKLN1-AS, MSC-AS1, and TMCC1-AS1), demonstrated good predictive ability for overall survival (OS) in HCC patients and various clinical subgroups. Patients in the high-risk group exhibited an immune response phenotype characterized by high infiltration of macrophages and CAFs and low infiltration of natural killer (NK) cells. Furthermore, the low-risk group showed favorable responses to immune checkpoint inhibitors. Song et al. delved into the impact of DNA methylation regulators (DMRegs) on HCC. Their data clusters modifications based on DMRegs expression, genetics, and transcription in HCC samples. These alterations correlate with clinicopathological traits, prognosis, and immune cell infiltration patterns. The results introduces a DMRegs-related gene score (DMRegs_score) as a prognostic indicator, showing high scores are linked to poor outcomes. The DMRegs_score also shows promise in predicting drug sensitivity. Liu P. et al. also focused on HCC and the role of methylcytosine (m5C) regulators in predicting clinical responses to immunotherapy. Researchers analyzed data from 371 HCC patients and identified six differentially expressed genes (DEGs) to construct a prognostic risk model and two diagnostic models. The prognostic risk model effectively predicted patient outcomes, and the high-risk group showed a worse prognosis. Additionally, the high-m5C score group was predicted to be less responsive to immunotherapy but more sensitive to chemotherapy and potential targeted drugs. Overall, these insights offer potential for refining prognosis of HCC.

Furthermore, several strategies to help distinguish the potential efficiency of immune therapy were reported. Yuan G. et al. examined the significance of liver stiffness (LS) measured by shear wave elastography (SWE) in advanced HCC patients treated with PD-1 inhibitors and lenvatinib. A LS value of 19.53 kPa at baseline was identified as the optimal cutoff for predicting treatment efficacy. A nomogram combining baseline tumor LS and albumin-bilirubin grade was developed to predict treatment outcomes. High stiffness tumors were associated with metabolic pathways, while low stiffness tumors were related to DNA damage repair. Patients with high stiffness tumors had lower immune cell infiltration, suggesting potential drug candidates to enhance immunotherapy efficacy. Xu et al. developed a novel prognostic predictor for (PD-1 inhibitor therapy in HCC patients, independent of Child-Pugh grade. The study analyzed data from HCC patients who received PD-1 inhibitors and introduced a novel ALG grade based on serum ALP and GGT levels before treatment initiation. The results showed that patients with Child−Pugh grade A and ALG grade 3 at baseline had worse outcomes. From the gene level, chromosome 11q13 amplification (Amp11q13) was identified as a common variation in HCC patients. Yan et al. reported those with Amp11q13 tended to have higher levels of Des-γ-carboxy-prothrombin (DCP), more tumors, and were more likely to have portal vein tumor thrombosis (PVTT). In patients treated with PD-1 inhibitors, Amp11q13 was associated with a higher risk of progression, shorter progression-free survival (PFS), and a potential link to hyperprogressive disease (HPD). Liu C. et al. also identified predictive biomarkers for the effectiveness of combination therapy involving anti-angiogenic drugs and PD-1 antibodies in HCC patients. They collected data from 40 advanced HCC patients undergoing this combination therapy and found that high levels of CD3+CD4+CD279+ and CD3+CD8+CD45RO+CD62L+ T lymphocytes, as well as a high tumor mutational burden (TMB), were associated with a positive treatment response. Conversely, high levels of CD3+CD4+CD28+ T lymphocytes were linked to a poorer response. Specific gene mutations, such as TP53 and ARID1A, also correlated with non-response, while amplification mutations in 11q13-CCND1, FGF3, FGF4, and FGF19 were observed in a patient with hyperprogression. Interestingly, in a meta-analysis by Zongli Zhang et al., which focusing on HCC patients treated with immune checkpoint inhibitors (ICIs), the impact of antibiotic use on treatment outcomes was assessed. The analysis included six retrospective studies with 1056 patients, of which 33.33% received antibiotics. The results indicated that antibiotic use did not significantly affect OS or progression-free survival (PFS) in HCC patients treated with ICIs. Furthermore, antibiotics did not have a significant impact on objective response rate (ORR) or disease control rate (DCR). Therefore, their evidence suggests that antibiotics do not substantially alter the therapeutic efficacy of ICIs in HCC patients. A prognostic model was developed for unresectable HCC patients treated with a combination of ICIs and tyrosine kinase inhibitors (TKIs) by (Li X. et al.). Their model incorporates seven clinical parameters, including ECOG PS, TACE, EHM, PLR, ALT, AFP, and Child-Pugh score, which can help predict the efficacy of the combination regimen in unresectable HCC patients. Guo et al. established a prognostic model called the PIMET score for unresectable hepatocellular carcinoma (uHCC) patients receiving lenvatinib monotherapy or lenvatinib plus immune checkpoint inhibitors (ICI). The model includes metastasis and protein induced by vitamin K absence or antagonist-II (PIVKA-II) as risk factors. Patients were stratified into PIMET-low, PIMET-int, and PIMET-high groups. The PIMET score effectively predicted OS and treatment responses, distinguishing patients who benefit from the combination of lenvatinib and ICI. Taken together, stiffness tumors, ALG grade, clinical parameters (such as ECOG PS, TACE, EHM, PLR, ALT, AFP, and Child-Pugh score), Amp11q13, and mutations of certain genes (in 11q13-CCND1, FGF3, FGF4, and FGF19) could serve as potential predictive biomarkers for HCC patients undergoing immune therapy.

Several retrospective or prospective clinical studies were conducted regarding the treatment of HCC. For example, Xie et al. reported that combining ICIs with molecular targeted agents (MTAs) after lenvatinib progression in advanced hepatocellular carcinoma (aHCC) showed promising anticancer effects and safety. PFS and post-progression survival (PPS) were notably extended. No significant differences in efficacy were observed between ICI+Lenva and ICI+Others groups. Prolonged PPS was associated with Child–Pugh grade A, AFP < 400 IU/ml, and concomitant locoregional treatment. Adverse events were manageable. Wang K. et al. reviewed local ablative therapy in HCC. Radiofrequency ablation (RFA) is a primary treatment for early-stage HCC, but other techniques like microwave ablation, cryoablation, irreversible electroporation, and phototherapy are under investigation. Combining immunotherapy with ablation is a promising strategy, as ablative therapy can trigger local and systemic immune responses. Their review summarizes the current status of ablation and immunotherapy for HCC, explores the immune effects of ablation, and discusses combination strategies, including those involving biomedical materials. Combination therapies are attracting more and more attentions. Zeng et al.’s retrospective study aimed to compare the efficacy and safety of ICI plus bevacizumab (BEV) versus ICI plus receptor tyrosine kinase inhibitor (TKI) as first-line treatments for uHCC. The study included 94 patients and assessed PFS, OS, objective response rate (ORR), and disease control rate (DCR). While the median OS and PFS did not significantly differ between the two groups, the incidence of adverse events varied. Palmar-plantar erythrodysesthesia syndrome was more common in the ICI+TKI group, while upper gastrointestinal bleeding occurred primarily in the ICI+BEV group. Cai M. et al. compared the effectiveness and safety of two treatment approaches for advanced HCC. One group received transarterial chemoembolization combined with lenvatinib plus a PD-1 inhibitor (TACE-L-P), while the other received TACE combined with lenvatinib (TACE-L). Results showed that TACE-L-P led to longer overall survival (16.9 vs. 12.1 months), extended progression-free survival (7.3 vs. 4.0 months), and higher response rates. TACE-L-P was particularly beneficial for patients with extrahepatic metastasis or more than three tumors. Adverse events were similar between the two groups, therefore supporting TACE-L-P as a promising treatment for advanced HCC, especially in specific patient subgroups. Combining intensity-modulated radiotherapy (IMRT) with atezolizumab and bevacizumab (atezo/bev) in HCC patients with extrahepatic portal vein tumor thrombus (ePVTT) was also studied in a prospective multicenter research by (Wang et al.). The treatment demonstrated a promising objective response rate (76.6%) and a median overall survival of 9.8 months. There was no significant correlation found between tumor mutational burden (TMB) and treatment outcomes. The most common treatment-related adverse events were manageable, with no treatment-related deaths reported. Their approach appears to be a valuable option for HCC patients with ePVTT, although further research is needed for confirmation.




3 Bile duct cancer and gallbladder cancer

Cholangiocarcinoma represents a rare yet highly aggressive malignancy that emerges from the epithelial cells lining the bile ducts, responsible for transporting bile from the liver to the small intestine (11). This cancer is categorized into two primary forms: intrahepatic and extrahepatic cholangiocarcinoma, distinguished by their anatomical locations. Intrahepatic cholangiocarcinoma originates within the liver, while extrahepatic cholangiocarcinoma manifests outside the liver, typically within the bile ducts. Cholangiocarcinoma’s challenging clinical landscape arises from its elusive early symptoms, often leading to advanced-stage diagnoses with limited therapeutic options. However, contemporary research has been dedicated to unraveling its molecular underpinnings and identifying potential therapeutic targets, offering renewed optimism for the management of this intricate malignancy. Advances in precision medicine and immunotherapy have opened new avenues for developing more effective treatment modalities (12).

Li Y. et al. reviewed the function of bile, which directly contacts biliary tract tumors, contains complex components closely linked to BTC development. The bile components hold potential as biomarkers for BTCs. Furthermore, emerging evidence suggests that bile components play a role in regulating immune responses. Their review also explores the relationship between bile components and BTCs, their biomarker potential, and their immunoregulatory effects, highlighting their promising applications in BTC diagnosis and treatment.

As for the BTC treatment, Zhang Y. et al. reported that patients with advanced cholangiocarcinoma receiving PD-1 inhibitor combination therapy, experiencing immune-related adverse events (irAEs) was associated with better disease control, longer OS, and extended progression-free survival (PFS). These findings suggest that irAEs may serve as a positive predictor for treatment efficacy in this context. IrAEs were identified as independent prognostic factors for both OS and PFS, highlighting their potential as a valuable clinical indicator. Yang X. et al. found that for patients with unresectable intrahepatic cholangiocarcinoma (iCCA), DEB-TACE+ICIs demonstrated superior outcomes compared to gemcitabine+cisplatin chemotherapy. DEB-TACE+ICIs led to higher objective response rates, extended PFS, and prolonged OS. Independent risk factors for worse PFS and OS included chemotherapy, tumor size >5cm, and multiple tumors. The incidence of treatment-related adverse events was comparable between groups. Therefore, they concluded that DEB-TACE+ICIs was a more effective and well-tolerated treatment approach for unresectable iCCA patients compared to chemotherapy. Zhang W. et al. showed that combining lenvatinib, pembrolizumab, and GP chemotherapy is promising for a patient with initially unresectable ICC. After six cycles of treatment, the tumors shrank, and tumor marker levels normalized. The patient underwent successful liver resection with no signs of recurrence or metastasis after 15 months. Jiang et al. conducted a meta-analysis involving advanced BTC patients, the effectiveness and safety of anti-PD1/PDL1 therapy were evaluated. The combination of anti-PD1/PDL1 with anti-CTLA4 and chemotherapy demonstrated the best outcomes, with a median PFS of 12.4 months, median OS of 16.0 months, a 45.1% ORR, and a 95.0% DCR. Anti-PD1/PDL1 monotherapy had the lowest efficacy but a safer profile. Overall, anti-PD1/PDL1 therapies showed promising efficacy and could be considered an alternative for aBTC treatment, despite some associated toxicities, particularly in the first-line setting. Another meta-analysis by Xian et al. aimed to assess the prognostic value of PD-L1 expression in ICC patients. Ten trials involving 1944 cases were analyzed. The low-PD-L1 group had significantly better OS, recurrence-free survival (RFS), and time to relapse compared to the high-PD-L1 group. Additionally, high PD1 levels were associated with poorer OS and RFS. Multivariate analysis confirmed PD-L1 and PD1 as independent predictors for OS and RFS. These findings suggest that PD-L1/PD1 expression can serve as valuable prognostic and predictive biomarkers in ICC and potential therapeutic targets. However, the adverse effect should not be ignored. For example, Zhu S. et al. reported a 48-year-old male ICC case with non-bacterial cystitis as an immune-related adverse event (irAE) following treatment with PD-1 and PD-L1 antibodies. In that case, psoriasis worsened, and urinary discomfort recurred, leading to treatment discontinuation and surgery. After chemotherapy with atezolizumab, urinary discomfort reappeared. Urine cultures showed no bacteria, and cystoscopy biopsy indicated non-bacterial bladder inflammation. This highlights a rare case of immunotherapy-induced non-bacterial urinary tract inflammation. On the other hand, Wang Y. et al. reviewed the antiangiogenic therapy in controlling BTC progression. Understanding the molecular basis of angiogenesis in BTCs is crucial for treatment strategies and patient selection. This review summarizes recent advances in antiangiogenic approaches for BTCs, emphasizing molecular mechanisms and clinical trial outcomes. The potential future of antiangiogenic therapy in BTCs is also discussed, offering insights into this challenging malignancy’s management.

Gallbladder cancer is a rare cancer which are mostly reported as case reports (13, 14). Wu et al. reported that, in the context of uncertain ICI benefits in gallbladder cancer, a 45-year-old female with multiple abdominal lymph node metastases received camrelizumab combined with paclitaxel and gemcitabine (AG) to shrink the tumor before surgery. Postoperatively, her quality of life improved. Camrelizumab + AG presents a potential treatment for gallbladder cancer with such metastases but requires confirmation through clinical trials. Another case by Zhang Y. et al. reports successful treatment of advanced gallbladder cancer with high PD-L1 expression or high tumor mutation burden (TMB-H) using a combination of tislelizumab and S-1. Most patients experienced effective tumor control, while one had immune-related pneumonia (irP) resolved with therapy and surgery. Despite tumor control resuming after surgery, recurrent irP led to discontinuation and tumor progression. The findings suggest that combining anti-PD-1 antibodies with S-1 is a safe and effective treatment for GBC, particularly for biomarker-positive cases, offering a novel approach to advanced GBC therapy.




4 Pancreatic cancers

Pancreatic cancer is a formidable and often fatal malignancy that originates in the pancreas, a crucial organ with both endocrine and exocrine functions. Pancreatic ductal adenocarcinoma (PDAC) represents the most prevalent histological subtype, responsible for the majority of pancreatic cancer cases. Characterized by rapid progression, early metastasis, and resistance to conventional therapies, pancreatic cancer has long posed a significant clinical challenge (15). Recent research efforts have expanded our comprehension of the intricate molecular alterations and the complex tumor microenvironment driving its pathogenesis (16). Advances in early detection methods, targeted therapies, and immunotherapies have emerged as promising avenues for combating pancreatic cancer, offering renewed hope for improved patient outcomes (17).

Zhang Y. et al. explored the clinical and functional significance of F-box only proteins (FBXOs) in PDAC. They identified six FBXOs (FBXO1, FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45) that were significantly upregulated in PDAC tissues, correlating with adverse patient prognosis and clinicopathological features. Promoter methylation influenced FBXO expression, and genetic alterations and mutations in these FBXOs affected patient outcomes. Additionally, the study revealed associations between FBXOs and immune infiltrations, including B cells, T cells, NK cells, macrophages, and dendritic cells, suggesting their role in the immune response. Functional analysis implicated these FBXOs in various signaling pathways, making them potential diagnostic and therapeutic targets for PDAC. Similarly, Sijde et al. investigated the role of circulating cytokines in predicting treatment response and overall survival in PDAC patients undergoing FOLFIRINOX chemotherapy. High levels of IL-1RA after one cycle of chemotherapy are associated with reduced tumor progression during treatment. Additionally, serum concentrations of IL-7, IL-18, and MIP-1β after one cycle of FOLFIRINOX correlate with overall survival. These findings suggest that specific cytokines and immune cells play crucial roles in chemotherapy response and PDAC progression, potentially paving the way for cytokine-based treatments in the future. Eckhoff et al. showed that in patients with intraductal papillary mucinous neoplasm (IPMN) and PDAC, the activity of peripheral blood monocytes, specifically TNF expression upon R848 stimulation, inversely correlates with disease progression. Patients with low-grade IPMN and stage 1 PDAC exhibit higher TNF expression compared to those with high-grade IPMN and stage 2/3 PDAC, indicating innate immune reprogramming as IPMNs progress to invasive cancer. Additionally, sera from IPMN and PDAC patients contribute to the suppression of TNF induction in healthy donor monocytes, suggesting the involvement of soluble mediators in this process. Yuan H. et al. focused on 5-methylcytosine (m5C) modification in long non-coding RNAs (lncRNAs) and its implications in PDAC. Utilizing clinical data and genetic transcriptome information from the TCGA database, the researchers conducted bioinformatic analyses to establish an m5C-related lncRNA prognostic risk model for PDAC patients. This model effectively distinguished between PDAC and normal tissues and accurately predicted survival outcomes for PDAC patients. Zhuang et al. aimed to develop a prognostic classifier to assess hypoxia status and related molecular characteristics in PDAC. They classified PDAC into three clusters based on 16 known hypoxia-related genes and identified nine differentially expressed genes to construct an HIF-1 score system. This system effectively predicted patient survival outcomes and demonstrated superior predictive ability compared to previous hypoxia signatures. Furthermore, the study explored the oncogenic pathways and immune cell infiltration status associated with different HIF-1 scores, highlighting the potential for combination treatment strategies for highly hypoxic and immunosuppressive PDAC tumors. Su et al. also aimed to develop an immune-related gene prognostic risk index (IRGPRI) for pancreatic adenocarcinoma (PAAD) and explore its implications. Using the TCGA and GEO datasets, 16 immune-related hub genes were identified to construct the IRGPRI. Low IRGPRI was associated with favorable outcomes, immune-related pathways, and higher benefit from ICIs. High IRGPRI correlated with cancer-related pathways, less favorable outcomes, and lower benefit from ICIs. Chen X. et al. believe that the extracellular matrix (ECM) is crucial in the tumor microenvironment, affecting cancer cell behavior. Therefore their study explored ECM-related genes (ECMGs) in PAAD and pan-cancer contexts. Seven ECMGs were identified as PAAD hub genes, associated with tumor stage and prognosis. ECM-based subtypes showed distinct features in oncogene/tumor suppressor gene expression, the immune environment, and chemotherapy sensitivity. A prognostic panel, combining ECM-related mRNAs and lncRNAs, was developed and validated for accurate PAAD prognosis prediction.




5 Pan-cancer

Pan-cancer analyses, especially in-depth reviews, are critical for a comprehensive understanding of certain tumor-related biomarkers (18, 19). For example, Zhao et al. reviewed the Structural Maintenance of Chromosome 4 (SMC4), a member of the ATPase family involved in various cellular processes such as chromosome organization, DNA repair, and genome transcription. This review delves into the multifaceted functions of SMC4, including its role in cell division, RNA splicing, DNA metabolism, and the immune response. The focus is on its relevance in cancer, where high SMC4 expression is consistently associated with poorer overall survival. By analyzing data from various sources, this review suggests that SMC4 could serve as a valuable prognostic marker and potential therapeutic target in cancer. MicroRNAs (miRNAs) have gained significant attention in cancer research due to their pivotal role in tumorigenesis. Lu et al. reviewed the role of miR-608 as a tumor suppressor, which had been found to be downregulated, particularly in solid tumors. Extensive in vivo and in vitro experiments have verified its tumor-inhibiting properties. MiR-608 exerts its influence on various biological processes, including cell proliferation, invasion, migration, and apoptosis, by targeting transmembrane proteins and modulating key signaling pathways. This review summarizes miR-608’s expression profile, biological functions, and underlying mechanisms, underscoring its potential as a diagnostic, prognostic biomarker, and therapeutic target in cancer. Another review by Wang J. et al. focused on immunotherapy, especially ICI, which is entering a new era of precision medicine. Clinical benefits of ICI in digestive system cancers are limited, and it often comes with side effects and high costs. To address this, the development of biomarkers for predicting immunotherapy effectiveness is crucial. They reviewed various potential biomarkers, including microsatellite mismatch repair, tumor mutation burden, specific mutated genes or pathways, PD-L1 expression, immune-related adverse reactions, blood biomarkers, and patient-related factors in predicting immunotherapy efficacy against digestive system cancers. The establishment of dynamic personalized prediction models based on multiple biomarkers holds promise for future research in this field.

Ti et al. examined squamous cell carcinomas (SCCs) from different sites to investigate the relationship between tumor mutation burden (TMB) and prognosis and immune cell infiltration in SCCs. TMB had varying effects on prognosis in different SCCs; it was associated with better prognosis in lung and cervical SCCs but worse prognosis in head and neck and esophageal SCCs. Older age, smoking history, earlier stage, and no lymphatic invasion were linked to higher TMB. Immune-related genes and immune cell proportions also varied between high and low TMB groups, thus provides insights for immunotherapy biomarkers in SCCs. In HPB malignancies, various T cell types with immune checkpoint receptors exist. Wan et al. reported that HCC shows a favorable presence of tissue resident memory T cells that respond well to immune checkpoint therapies. In contrast, pancreatic ductal adenocarcinoma (PDA) has terminally differentiated T cells with less potential for activation, regardless of chemotherapy. Combining checkpoint therapies may benefit HCC, while alternative approaches are needed for CCA and PDA. Shen et al. conducted a phase II clinical trial for advanced solid tumors resistant to standard treatments, in which a combination therapy was evaluated. Patients received targeted radiotherapy followed by liposomal irinotecan, camrelizumab, and anti-angiogenic drugs. Among 52 evaluated patients, there was a 34.6% objective response rate and an 82.7% disease control rate. Median progression-free survival was 5.3 months, and overall survival was not reached during the study period. Taken together, although treatment-related adverse events were common, the combination therapy showed promising anti-tumor activity and good tolerability in diverse advanced solid tumors.

As genomics technology continues to progress, it opens up new avenues for medical research and patient care. The analysis of gene expression profiles, coupled with the integration of patients’ clinical information, medical imaging, and laboratory data, holds the potential to revolutionize the field. Emerging bioinformatics techniques, such as machine learning algorithms, promise to play a pivotal role in this transformation, enabling the creation of predictive models that are both highly accurate and robust. These models, in turn, will serve as invaluable tools in guiding medical decision-making. This wave of research endeavors is poised to focus on the development of personalized therapeutic drugs and treatment strategies, which aim to enhance treatment efficacy while minimizing unnecessary risks to patients. A deeper exploration of the intricate mechanisms underlying immunotherapies and chemotherapies will pave the way for the identification of novel therapeutic targets and innovative combination treatment approaches. Collectively, these advances are steering the medical field towards a future characterized by personalized treatment and intelligent medical care. This progressive trajectory promises to provide patients with increasingly precise and effective healthcare services, ultimately improving their overall well-being.
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Biliary tract cancers (BTCs), including cholangiocarcinoma (CCA) and gallbladder cancer (GC), are malignancies originating from the biliary tract with poor prognosis. In the early stage of BTCs, surgery is the only choice for cure. Unfortunately, most patients with BTC are diagnosed at an advanced stage and lose the opportunity for surgery. For many advanced solid tumors, antiangiogenic therapy has achieved encouraging results. While most clinical studies on antiangiogenic therapy in advanced BTCs have shown an excellent disease control rate (DCR), the improvement in overall survival (OS) is controversial. Understanding how the relevant signaling molecules influence the angiogenic response and the functional interaction is necessary for the formulation of new treatment regimens and the selection of enrolled patients. In this review, we aim to summarize and discuss the latest advances in antiangeogenesis for BTCs, mainly focusing on the molecular mechanism of angiogenesis in BTCs and the therapeutic effects from clinical trials. Furthermore, the horizon of antiangiogenesis for BTCs is highlighted.
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Introduction

Biliary tract cancers (BTCs) are a diverse group of malignancies originating in the biliary epithelium (1). According to their anatomical site of origin, BTCs are divided into cholangiocarcinoma (CCA) and gallbladder cancer (GC). CCAs are further classified as intrahepatic CCA (iCCA), perihilar CCA (pCCA), and distal CCA (dCCA) (2). PCCA and dCAA are also collectively called eCCA. BTCs account for only 3% of all gastrointestinal cancers, and the incidence of BTCs has increased over the past few decades (3). At present, surgical resection is still the only radical cure for BTCs (4). However, because the symptoms of BTCs in the early stage are atypical, most cases are diagnosed at an advanced stage of disease and therefore lose the opportunity for radical surgical treatment. For patients with advanced unresectable or metastatic BTCs, systemic therapy might be the only beneficial treatment option (5). Unfortunately, due to the insensitivity to systemic therapies such as chemotherapy, the outcome of advanced and metastatic BTCs is unsatisfactory, with a 5-year survival rate of approximately 10%. Therefore, new therapies for BTC are urgently needed to improve the OS rate (6). In the era of precise treatment, antiangiogenic drugs are a main component of targeted therapy. However, the application of antiangiogenic therapy in BTC lacks consensus, and the criteria to select appropriate patients for antiangiogenic therapy have not been studied (7).

Metastasis is the main cause of individual death during tumor progression. There is sufficient evidence that tumor neovascularization is the pathological basis and necessary condition for the growth and metastasis of solid tumors (8). Tumor ischemia, on the one hand, affects the nutritional supply of the tumor, but on the other hand, it also impedes drug accessibility to the tumor and even promotes the selection of more aggressive tumor cells. Some scholars believe that promoting the normalization of tumor blood vessels will be an effective treatment (7).

Tumor-associated angiogenesis is active, and microvascular density is increased in BTCs, which contributes to the low cure and high recurrence rates after surgical resection. Microvessel density (MVD) is an indicator of tumor-driven neovascularization. MVD is significantly associated with survival and prognosis in GC, iCCA and extrahepatic cholangiocarcinoma (eCCA) (9–11). Studies confirmed that higher MVD was associated with advanced tumor stage and lower tumor resection rate and that MVD was an independent prognostic factor in a multivariate analysis. The 5-year survival rate of the high MVD group (2.2%) was significantly lower than that of the low MVD group (42.1%) (11), which suggested that the prognosis of BTCs is closely related to tumor angiogenesis. Although some antiangiogenic drugs have been approved for clinical trials in BTCs, the results are unsatisfactory. At present, the mechanism of tumor angiogenesis in BTCs is not clear, and the relevant targeted therapy needs to be further studied (12). This review summarizes the current consensus on tumor angiogenesis, with a focus on angiogenesis as the driving force in BTC development, and the status of the research and application of antiangiogenic therapy in BTCs.



Tumor Angiogenesis and Tumor Vascular Normalization

Tumor blood vessels are characterized by structural disorder, incomplete wall structure and high permeability, which can lead to local hypoperfusion of the tumor (13). Thus, it is difficult for either oxygen or drugs transported through blood vessels to enter the tumor parenchyma, which will greatly reduce the effectiveness of radiotherapy, chemotherapy and immunotherapy (14–16). The ionizing radiation of radiotherapy can locally produce reactive oxygen species (ROS) in the presence of oxygen. ROS can damage DNA and directly result in the death of tumor cells (17). However, the low-oxygen tumor microenvironment weakens the effect of this treatment. Systemic chemotherapy drugs need to attach to the local tumor area through the blood circulation system. A low perfusion state and increased interstitial pressure prevent drugs from attaching to the tumor area or reduce the amount of drugs entering the tumor parenchyma, thereby affecting the efficacy of chemotherapy. For the tumor itself, the lack of effective blood perfusion leads to a hypoxic tumor microenvironment (18). Hypoxia can activates the HIF (Hypoxia-inducible factor) signaling pathway, which promotes tumor cells to overexpress VEGF to induce tumor angiogenesis (19); In addition, tumor cells with more aggressive and metastatic ability will be screened out because of the harsh tumor microenvironment (20). The RhoA-ROCK1 signaling can be activated by HIF to enhance cell motility (21). Hypoxia increases hypermethylation of tumor suppressor gene, which makes epigenetic aberration and then promotes tumor growth and metastasis (22). Furthermore, hypoxia inhibits tumor immunity by inhibiting cytotoxic T cell activity, promoting local tumor recruitment of Treg cells, and inhibiting the synthesis of pro-inflammatory cytokines. These effects involve a series of factors including cAMP, HIF, COX2, SDF1, IL-10, etc. (23–26).

In the past, antiangiogenic therapy was thought to work by blocking the pathway of tumor angiogenesis and cutting off the nutrient supply to the tumor. However, with clinical research in recent years, it has been found that the effect of antiangiogenic therapy is limited, and some patients are more prone to tumor metastasis after antiangiogenic therapy (27). This is because antiangiogenic drugs severely degenerate tumor blood vessels, while blocking the nutritional supply of tumor, the supply of drugs and oxygen also been hindered. Such conditions can help tumor tissue resist the effects of radiotherapy and chemotherapy, and further deepen the hypoxia condition of tumor microenvironment (28). As mentioned above, hypoxia increases tumor malignant phenotype and inhibits tumor immunity, which is obviously not conducive to tumor therapy. Until the theory of tumor vascular normalization was proposed in 2005 (13), the purpose of antiangiogenic therapy has not changed from degrading tumor blood vessels to promoting the maturation of tumor blood vessels, thereby improving local blood perfusion and material transportation in the tumor microenvironment. This notion partly addresses the limitations of antiangiogenic therapy and provides a theoretical basis for antiangiogenic therapy combined with chemotherapy or targeted therapy. After antiangiogenic treatment, there will be a specific time window. At this time, the tumor blood vessels will be temporarily and reversibly normalized, and drugs are easier to enter the tumor microenvironment (29).

Inhibition of tumor angiogenesis and induction of tumor vascular normalization are of great significance in the treatment of tumors (30). Unfortunately, the existing antiangiogenic therapies have not shown promising therapeutic effects, especially in the field of BTCs. Existing studies have shown that anti-VEGF therapy not only inhibits tumor angiogenesis, but also promotes normalization of tumor blood vessels (31). There are also reports showing that treatments targeting VEGF can increase the invasion and metastatic phenotype of tumors (32). These contradictory results are believed to be related to the complex regulatory network of tumor angiogenesis. Vascular endothelial protein tyrosine phosphatase (VE-PTP) inhibitors can mature tumor vessels by activating Tie-2 (33). Overexpression of proteins such as R-RAS and HRG which contribute to vascular maturation can normalize abnormal tumor vessels (34, 35). These findings provide new targets for tumor vascular normalization. In addition to the drug itself, the dose and duration of drugs are crucial for abnormal tumor vascular development to different outcomes, tumor vascular normalization and tumor vascular degeneration. While methods to assess the time window of tumor vessel normalization are still scarce, and the control of drug dose and time is not ideal (36). Furthermore, the mechanism of angiogenesis is ambiguous in tumors, and there are no therapeutic targets that can bypass normal blood vessels. Therefore, further research is needed to clarify the mechanism and explore more effective targets and treatment strategies (7).



Factors and Mechanisms That Regulate Angiogenesis in BTCs

The growth of solid tumors is accompanied by tumor angiogenesis, and it is reasonable that anti-angiogenic therapy should be an important part of anti-tumor therapy. However, therapeutic regimens targeting VEGF/VEGFR have consistently failed to provide encouraging results (37). The main reasons is that there are many ways to promote angiogenesis (Figure 1). VEGF-dependent or VEGF-independent neovascularization and angiogenesis mimicry can all provide blood vessels for tumor tissues. Inhibition of one pathway leads to compensatory activation of other pathways. Besides, classical proangiogenic pathways, such as the VEGF/VEGFR pathway, also play a role in normal tissue. That makes treatment easier to be interrupted by on-target off-tumor toxicities (38). Therefore, it is critical to find tumor-specific antiangiogenic targets and the common pathways in different angiogenesis mechanisms. Understanding the pro- and anti-angiogenesis factors as well as their interaction and molecular mechanisms is essential for the development of durable and effective anti-angiogenesis drugs (39). In the following content, we will describe the role of pro-angiogenic and anti-angiogenic factors in BTCs, especially their regulatory mechanism.




Figure 1 | Angiogenesis signaling pathways. The figure shows the main downstream pathways of receptors associated with angiogenesis. The main phenotypes affected by each pathway are indicated by arrows.





VEGF/VEGFR Signaling Pathway

VEGF is a growth factor with the strongest angiogenic activity. The VEGF growth factor family includes VEGF-A, -B, -C, -D, -E, -F and placental growth factor (40). Among these types of VEGF, VEGF-A is generally believed to play the most obvious role in promoting angiogenesis. During mouse embryonic development, VEGF or VEGF receptor (VEGFR) gene deletion leads to embryonic death due to angiogenesis disorder. Additionally, VEGF plays an important role in tumor angiogenesis. VEGF is overexpressed in many epithelial tumor cells. A large number of studies have reported that the level of VEGF in peripheral blood is directly related to tumor prognosis (41).

VEGF mainly acts through the corresponding receptors Flt-1 and KDR, also known as VEGFR-1 and VEGFR-2 (42). Both Flt-1 and KDR are receptors for tyrosine kinase receptors (RTKs). The binding of VEGF and KDR activates the MAPK signaling pathway and promotes endothelial cell proliferation and angiogenesis. The function of Flt-1 is more complicated. In addition to promoting angiogenesis, the combination of VEGF can also activate matrix metalloproteinases (MMPs). The increased expression of VEGF in tumor tissues is related to hypoxia-inducible factors, which can promote the expression of VEGF. The traditional concept states that VEGFR is specifically expressed in endothelial cells. However, an increasing number of recent studies have shown that tumor cells can also express VEGFR. VEGF secreted by tumor cells can promote angiogenesis and tumor cell proliferation through paracrine (acting on endothelial cells VEGFR) and autocrine (acting on the VEGFR of tumor cells) pathways.

Some researchers examined VEGF expression in four CCA cell lines and their culture supernatants. The results show that CCA cells can express and secrete VEGF (43). VEGF can be detected in bile and can be used as a diagnostic and predictive biomarker for different biliary diseases (44). Studies have shown that the positive expression rates of VEGF in clinical samples of iCCA, eCCA and GC are 53.8%, 59.2% and 56.3% (45–47). The overexpression of VEGF is related to the intrahepatic metastasis of iCCA (P=0.0224), while there was no significant correlation between VEGF and the clinical features of eCCA in this study (46). Other studies have shown that the expression of VEGF-A tends to increase in hypervascularized eCCA, but it did not reach statistical significance (P=0.08) (48). Further studies on eCCA have shown that, compared with pCCA, the positive expression rate of VEGF-A in dCCA is higher (69% vs. 25%, P <0.0001), and it is related to an increase in microvessel density (49). When VEGF was neutralized by adding 10 mg/mL anti-VEGF antibody to the medium, vascular endothelial cells decreased to 63.8% of the control group (P <0.02) (43). Any factor that destroys the expression of VEGF or VEGFR may affect the angiogenesis of BTCs. The following factors, hormones or drugs that may affect the VEGF signaling pathway were identified in the study of BTCs (Figure 2). TGF-β1 is expressed in tumor cells or surrounding mesenchymal cells, and immunostaining shows that its receptors TβR-I and TβR-II are strongly positively expressed in tumor cells. Studies have shown that TGFβ1 can promote the expression of VEGF in tumor cells through autocrine or paracrine modes and then affect tumor angiogenesis (50). S100A8 is highly expressed in CCA cells and increases the secretion of VEGF by activating the Toll-like receptor 4 (TLR4)/NF-κB pathway, thereby inducing the migration of vascular endothelial cells (51). Studies also show that COX-2 is related to angiogenesis. COX-2 is highly expressed in CCA tissues, especially advanced CCA (52). COX-2 inhibitors have been approved for adjuvant treatment of CCA, but in vitro experiments show that they have no inhibitory effect on the growth of tumor cells. COX-2 inhibitors can inhibit the expression and secretion of VEGF-C, thereby affecting the invasion of cholangiocarcinoma (52). MiR-101 can also inhibit COX-2 or directly target the 3’ untranslated region of VEGF mRNA to inhibit VEGF transcription (53). AKirin2 is overexpressed in CCA and promotes VEGF-A expression by activating the IL-6/STAT3 signaling pathway. This process can be inhibited by miR-490-3p (54). The highly conserved cell surface protein B7-H3 is reported to correlate with pathological rather than physiological angiogenesis and is regarded as an attractive target for the selective destruction of tumor vasculature (55). Estrogen can significantly increase the expression and secretion of VEGF-A in CCA cells. This effect is partially inhibited by estrogen receptor antagonists and completely blocked when used in combination with IGF1-R blocking antibodies (56). Tumor necrosis factor-α (TNF-α) can promote or inhibit endothelial cell growth and angiogenesis, depending on the cell condition. Treatment with lupeol or stigmasterol significantly reduced the secretion of TNF-α in umbilical vein endothelial cells, and then, the transcription level of VEGFR-2 decreased, which interfered with tumor angiogenesis by inhibiting VEGF signaling (57). HMGB1 induces angiogenesis by promoting the expression of VEGFR-2 in vascular endothelial cells (58). Histamine can increase the expression of VEGF-A/-C. Histamine stimulation has an effect on the angiogenesis observed in the tumor microenvironment. This effect can be inhibited by the HDC inhibitor α-methyl-DL-histidine dihydrochloride or the H1HR antagonist terfenadine (59). In addition, a drug, phenformin, can increase the expression and secretion of VEGF (60).




Figure 2 | Molecules and mechanisms regulating the expression of VEGF in BTCs (Created in BioRender.com). The figure mainly shows the factors have been reported to affect the expression of VEGF in BTCs. These factors are overexpressed in tumor cells and their downstream signaling pathways of affecting VEGF have been described by researchers.



VEGF also has a close relationship with precancerous lesions. There are stem cells called hepatic stem/progenitor cells (HPCs) around the biliary tree. In primary biliary cirrhosis (PBC), a precancerous lesion of CCA, HPC is activated, and VEGF-A and VEGF-C are highly expressed (61). Higher angiogenesis can be observed in PBC samples. These studies indicate that the VEGF/VEGFR signaling pathway and angiogenesis may play an important role in the occurrence and development of BTCs.



PDGF/PDGFR Signaling Pathway

The platelet-derived growth factor family (PDGF) regulates angiogenesis in tumors, and four family members have been identified, including PDGF-A, B, C, and D (62). PDGF can be synthesized and secreted by platelets, smooth muscle cells, vascular endothelial cells, pericytes and tumor cells. As a growth factor, PDGF combines with its receptor PDGFR to promote the growth of pericytes, vascular endothelial cells, fibroblasts, vascular smooth muscle cells and tumor cells by activating the Erk1/2 signalling pathway (63). PDGF promotes tumor cells migration by activating the p38/MAPK signalling pathway and overexpressing the MMPs. PDGF can also promote the directional migration and vascular envelopment of pericytes, thereby regulating the maturation and stability of tumor blood vessels. PDGF has been found to be highly expressed in a variety of solid tumors and as a predictor of poor prognosis. In biliary tumors, PDGF has been shown to be highly expressed and associated with poor prognosis (64, 65). Excessive activation of platelets has been found in CCA, which may be the source of PDGF in CCA (65). TCF-21 has been identified as a tumor suppressor gene in a variety of tumors, including CCA. When TCF-21 is overexpressed in CCA cells, it can inhibit the expression of PDGF (66).



Ang-TIE-2 Signaling Pathway

Another important group of angiogenesis regulators is the angiopoietin family, including Ang1 and Ang2, which act through their receptor Tie-2. In recent years, this family of proteins has received increasing attention (67). When VEGF-mediated angiogenesis is blocked, the upregulation of Ang expression has been shown to be part of the angiogenesis rescue response, leading to accelerated tumor metastasis. Ang1 and Ang2 have opposite effects. Ang1 is the agonist ligand TiE-2 (68), which activates downstream pathways after phosphorylation of the receptor, protects blood vessels, maintains endothelial cell survival, and inhibits inflammation and vascular leakage. Ang1 can be expressed in a variety of cells, such as pericytes, smooth muscle cells and fibroblasts. Ang2, which is mainly expressed in vascular endothelial cells, has the opposite effect as Ang1. Ang2 is an inhibitory ligand of TiE-2 that can block Ang1-induced TiE-2 activation. Ang2 can also destroy vascular stability and promote inflammation and leakage (69). Therefore, both Ang1 and Ang2 play important roles in vascular remodeling and angiogenesis (70).

Ang1 has been shown to be highly expressed in a variety of tumor cells. Tumor-associated endothelial cells express high levels of Ang2, and the Ang2 concentration in peripheral blood is thought to be related to the tumor progression of BTCs (71). The TIE-2 receptor has also been detected in the tumor vascular endothelium (68). Although reported to promote tumor growth, Ang1 usually exerts an antitumor effect. In a study of biliary tract tumors, a team found that the expression of Ang1 in pCCA was negatively correlated with the metastasis rate, and the presence of TIE-2-expanded monocytes (Tems) in tumor tissues was associated with a lower recurrence rate (70). Ang2 expression was correlated with higher MVD in CCA (P=0.015). When both Ang2 and VEGF are positive, the MVD of CCA tissue is significantly increased (45).



bFGF/FGFR Signaling Pathway

There are 22 members of the FGF family, from FGF-1 to FGF-23, except for FGF15 (human FGF19 and mouse FGF15 are homologous) (72). Among them, basic fibroblast growth factor (bFGF, also called FGF2) can affect vascular endothelial cells and stimulate angiogenesis. FGF receptor (FGFR) is expressed in endothelial cells. bFGF has been shown to be overexpressed in CCA (72, 73). Four CCA cell lines and their culture media were tested, and it was found that two of them can express and secrete bFGF, and all of them can express FGFR-1. The addition of anti-bFGF neutralizing antibody did not affect the proliferation of CCA cells but reduced the vascular endothelial cells to 58.9% of the control group (P<0.001). These results indicate that bFGF can affect the survival of the vascular endothelium in the form of paracrine signaling (43).



Apelin/APLNR Signaling Pathway

The apelin/APLNR axis plays important roles in regulating blood pressure and cardiovascular disease and in regulating angiogenesis and the endothelial cell response to hypoxia (74, 75). Studies have shown that high expression of apelin can promote tumor angiogenesis in malignant tumors such as lung and liver cancers (76, 77). In CCA, researchers found that high expression levels of apelin and APLNR promote CCA cell proliferation and angiogenesis. Exogenous apelin stimulation can significantly increase the expression of angiogenesis factors (VEGF and Ang). Anti-APLNR reduces not only the expression of angiogenesis factors (VEGF and Ang) but also the expression of vimentin, MMP-9 and MMP-3 (78). These results suggest that the apelin/APLNR axis plays an important role in tumor angiogenesis. The mechanism regulating the expression of apelin/APLNR is not clear, but it has been extensively studied in different tumors. Apelin expression is related to oral squamous cell carcinoma hypoxia (79), and circulating apelin concentration is related to C-reactive protein in gastric and esophageal cancers (80). In prostate cancer, the level of apelin is regulated by microRNA-224 (81). Further research is needed in CCA.



Other Factors and Mechanism

MMP can degrade the extracellular matrix and promote tumor angiogenesis. The expression of MMP2/MMP9 is increased in CCA and associated with poor prognosis. The overexpression of PDGF can contribute to the overexpression of MMP2/MMP9 (65). The roles of TSP-1 in tumor angiogenesis and tumor progression are still controversial. The expression of TSP-1 is associated with a significant decrease in MVD levels in CCA (45), which suggests that TSP-1 may play a role in inhibiting angiogenesis in CCA. However, the incidence of intrahepatic metastasis is higher when TSP-1 is positive (45). In a study of iCCA, TSP-1 was also positively correlated with lymphatic invasion (82). LOXL1 is a classic member of the LOX family. It is overexpressed in iCCA and can be secreted outside the cell. LOXL1 protein can bind to the exposed RGD domain of FBLN5, then the complex can bind to Integrin alpha V beta 3 on the surface of vascular endothelial cells and promotes angiogenesis via the downstream FAK and MAPK signaling pathways (83). In addition, angiostatin and endostatin can also inhibit angiogenesis (84, 85). Recombinant human endostatin (ENDOSTAR) can act on a variety of cell signaling pathways. It reduces tumor angiogenesis-related proteins and inhibits tumor lymphangiogenesis to inhibit angiogenesis. Moreover, it has been shown to have a good therapeutic effect on nonsmall cell lung cancer (46). Recent studies have shown that recombinant human endostatin can bring clinical benefits to patients with advanced cervical cancer. However, the expression and role of angiostatin in CCA remain unclear. Integrins belong to the family of cell adhesion molecules and are involved in tumor angiogenesis. Multiple subtypes of integrin are highly expressed in BTCs (86, 87). Integrin as a receptor can promote endothelial cell migration by activating FAK and MAPK signaling pathways. Moreover, integrin on the surface of vascular endothelial cells can bind to a certain structure of the extracellular matrix to accelerate the migration of endothelial cells and the formation of tumor blood vessels (88). Cilengitide is an integrin antagonist that can recognize and interact with integrins. Their interaction induces tumor cell apoptosis and inhibits tumor angiogenesis (89). Thalidomide can also inhibit angiogenesis by blocking the secretion of VEGF and basic fibroblast growth factor (bFGF) (90).

Vasculogenic mimicry (VM) is a form of vessels that is different from vessels derived from classic tumor angiogenesis and is independent of the vascular endothelium (91). It is composed of a cord formed by aggressive and poorly differentiated tumor cells, through which blood can be seen (92). The pipeline is connected with the host’s blood vessels so that the tumor cells can obtain blood supply to meet the needs of tumor growth, invasion and metastasis (93). VM has been found in liver cancer, lung cancer, prostate cancer and ovarian cancer, and it has been proven to correlate with tumor growth, differentiation and invasion. However, there is still a lack of research in BTCs.



Clinical Progress of Antiangiogenic Therapy in BTCs

Anti-angiogenic drugs (Figure 3) are currently divided into three categories: anti-VEGF monoclonal antibodies such as bevacizumab; signaling pathway inhibitors, represented by the small molecule tyrosine kinase inhibitors; and recombinant human vascular endostatin (94). Bevacizumab monotherapy has been shown to be less effective. Long-term clinical studies have shown that bevacizumab monotherapy can prolong progression-free survival (PFS) but not overall survival (OS), suggesting that inhibition of the classic VEGF pathway may activate compensatory pathways that promote tumor angiogenesis or metastasis, thereby leading to a rebound in tumor malignancy. Small molecule multitargeted receptor tyrosine kinase (RTK) inhibitors such as solafinib can simultaneously suppress multiple signaling pathways (95). This effect is expected to solve the problems of the abnormal activation of other signaling pathways in the case of a single inhibition of VEGF signaling pathways. Although TKI drugs, including sorafenib, axitinib, and sunitinib, are all multitarget inhibitors, their effects are mostly the same (96, 97). For example, the main targets of axitinib are VEGFR-1, VEGFR-2, VEGFR-3, the role of those are mainly angiogenesis (98). The inhibitory effect is not obvious on the target of whose roles are mainly promoting tumor cell survival and proliferation. Besides, these small molecule tyrosine kinase inhibitors have minimal effect on the tumor microenvironment. To improve the efficacy, on the one hand, a combination of drugs can be applied to interfere with angiogenesis and tumor proliferation simultaneously; on the other hand, a new generation of antiangiogenic drugs should cover more targets involved in the tumor growth. Anlotinib, as a new generation of antiangiogenic drugs, can inhibit tumor angiogenesis by targeting VEGFR, FGFR and PDGFR, meanwhile, it can also inhibits tumor growth by targeting c-kit (99). The significantly prolonged PFS and OS achieved in anlotinib treated drug-resistant NSCLC patients may be due to this dual effect (100). Currently, antiangiogenesis-based drug strategies for the treatment of malignant tumors include single-drug therapies with targeted drugs, combinations of chemotherapy and targeted drugs, combinations of immunotherapy and targeted drugs, and combined applications of targeted drugs. At present, antiangiogenic therapy has not been approved for the clinical treatment of biliary tract tumors, and most of the relevant studies are in the clinical trial stage. The following will summarize the research progress of antiangiogenic therapy for biliary tumors (Table 1).




Figure 3 | Classification and targets of anti-angiogenic drugs (Created in BioRender.com). Every drug in the picture points to its own targets, and the four drug types are distinguished by four colors.




Table 1 | Anti-angiogenic drugs of BTCs in phase II.





Monotherapy Regimens

The single-drug regimens of antiangiogenic therapy mostly use signaling pathway inhibitors, which can act on multiple targets simultaneously. Although more targets can increase the efficacy, the possibility of the corresponding side effects is also increased. Sunitinib, a multitarget tyrosine kinase inhibitor that targets PDGFR, VEGFR, KIT, FLT-3 and RET, can inhibit not only tumor proliferation but also angiogenesis at the same time. Sunitinib has been shown to be effective in the treatment of several solid tumors. In a study of advanced biliary tract tumors, Jun Ho Yi et al. believed that sunitinib monotherapy had a poor clinical effect. The PFS was only 1.7 months, and the incidence of grade 3–4 toxicities was high (46.4%) (101). Dreyer C et al. reported three cases of ICC patients with tumor progression after receiving first-line chemotherapy and treated them with sunitinib. Reductions in tumor size and density were observed in all three cases; one achieved partial remission, and two achieved stable disease (SD). They concluded that sunitinib was well tolerated and had manageable side effects. Based on these encouraging results, they initiated a phase II clinical study of sunitinib for second-line treatment in patients with advanced intrahepatic cholangiocarcinoma who had received chemotherapy (102). Fifty-three patients were included in this study, of whom 15% achieved partial remission, 71% achieved disease stability, the median PFS (mPFS) was 5.2 months and the median OS (mOS) was 9.6 months [95% CI: 5.8–13.1] (103). Thus, sunitinib monotherapy shows promising activity in advanced intrahepatic cholangiocarcinoma. Sorafenib, a hot multitarget tyrosine kinase inhibitor that targets VEGFR-2/-3, PDGFR-B, B-Raf, and C-Raf, achieved a 2% disease remission rate in the second-line treatment of 46 patients with advanced cholangiocarcinoma. The median progression-free survival was 2.3 months (range: 0–12 months), and the median overall survival was 4.4 months (range: 0–22 months) (104). Another study using sorafenib as a first-line regimen for advanced biliary tumors showed that the median PFS was 3 months (95% CI: 2–4 months) and the median OS was 9 months (95% CI: 4–12 months) (105). The results of these two clinical trials indicate that sorafenib did not achieve positive resultes in the treatment of advanced biliary tumors as a Monotherapy, and the combination therapy of sorafenib with other drugsit may be a promissing future direction. Lenvatinib is an inhibitor of VEGFR, FGFR and PDGFR. A phase II clinical trial was conducted with lenvatinib as a single agent for advanced biliary tract tumors. An interim evaluation of 17 patients showed a DCR of 82% (106). Finally, 26 patients were recruited into the study, and the results showed that the median PFS was 3.19 months (95% CI: 2.79–7.23) and the median OS was 7.35 months (95% CI: 4.50–11.27). Therefore, the study authors concluded that lenvatinib showed promising therapeutic effects in advanced biliary tract tumors with manageable side effects (107). Regorafenib is a multitarget inhibitor that targets VEGFR, PDGFR-β, KIT, RET and RAF-1. For patients with advanced biliary tract tumors who received failing first-line treatment, the average progression-free survival of regorafenib treatment was 3.9 months (95% CI: 3.2–6.2), and the average overall survival time was 8 months (95% CI: 3.3–18.6). Regorafenib may exert its promising efficacy in advanced biliary tract tumors, which is worthy of further study (108).



Combination Therapy Regimens


Chemotherapy Combined With Targeted Therapy

A phase II study of bevacizumab combined with gemcitabine/capecitabine in the treatment of advanced BTCs showed that the mPFS was 8.1 months, and the mOS was 10.2 months. Compared with the results of the gemcitabine/cisplatin combination in the ABC-02 trial (8 months of PFS and 11.7 months of OS), it could not be concluded that bevacizumab combined with Gemcitabine plus Capecitabine (GemCap) would benefit patients. However, more clinical stage IV patients were enrolled in the former group than in the latter group, and the proportion of patients with stage III disease was relatively low (6% vs. 25%) (109). Gemcitabine plus Oxaliplatin (GEMOX) in BTCs achieved an ORR of 26%-50% and a median overall survival of 11–12 months. The ORR of Gemox-B (the addition of bevacizumab to GEMOX) in BTCS reached 40%, the median progression-free survival reached 7.0 months, and the median overall survival reached 12.7 months (110). A phase II clinical trial showed that after two treatment cycles of bevacizumab combined with gemcitabine and oxaliplatin, the maximum standardized uptake value on FDG-PET scans was significantly decreased, indicating disease control and longer PFS and OS (110). A phase II clinical trial of the multitarget tyrosine kinase inhibitor cediranib combined with first-line chemotherapy in the treatment of advanced biliary tract cancer was conducted. Patients were randomly divided into two groups: cediranib combined with chemotherapy or placebo combined with chemotherapy. However, only ORR but not mPFS or mOSz showed a statistically significant difference, with 44% in the cediranib group versus 19% in the placebo group (111). In addition, sorafenib has also been introduced into several clinical trials of combination therapy regimens. However, the strategy of sorafenib combined with gemcitabine and cisplatin failed to improve the efficacy (112). Another trial on sorafenib combined with gemcitabine versus gemcitabine combined with placebo showed that the addition of sorafenib did not improve the outcome of advanced biliary tumors (113). Vandetanib is also a kinase inhibitor that has been shown to inhibit angiogenesis in vivo and in vitro. The efficacy and side effects of vandetanib as a monotherapy, vandetanib combined with gemcitabine and gemcitabine combined with placebo were studied. There was no difference in side effects among the three groups, while the objective response rate (ORR) of the vandetanib combined with gemcitabine group was higher than those of the other two groups (114). The efficacy of chemotherapy combined with EGFR inhibitor and VEGF monoclonal antibody was also studied, and the results showed no significant difference in mOS and mPFs between the GEM + L-OHPL + CAPE + panitumumab group and the GEM + L-OHPL + CAPE + bevacizumab group, although the former group had a higher ORR (115). From the results above, a conclusion can be drawn that cytotoxic drugs combined with anti-angiogenic drugs may achieve a better ORR in patients with BTCs, although little improvements in mPFS and mOS was observed.



Combination Therapy With Multiple Targeted Drugs

A phase II multicenter clinical trial of bevacizumab and erlotinib (an EGFR tyrosine kinase inhibitor) showed that 12% of patients had a confirmed partial response, 51% achieved stable disease, the median TTP was 4.4 months (95% CI: 3.0–7.8), and the median overall survival was 9.9 months (95% CI: 7.2–13.6) (116). Another clinical trial recruited 32 patients who were pretreated with systemic antitumor treatments to receive treatment with pembrolizumab combined with lenvatinib. The ORR of all patients was 25%, the median OS was 11.0 months (95% CI: 9.6–12.3), and the median PFS was 4.9 months (95% CI: 4.7–5.2) (117). Furthermore, a phase II SWOG study with sorafenib and erlotinib for advanced cholangiocarcinoma yielded a median progression-free survival of 2 months (95% CI: 2–3 months) and a median overall survival of 6 months (95% CI: 3–8 months) (118). The combination of multiple targeted drugs as an alternative strategy for advanced BTCs has preclinical evidences. The activity of this combination has been verified in some clinical trails, Although, the improvement in OS or PFS should be investigated by further clinical trails.




Discussion

Biliary tract tumors account for 3% of all digestive tract tumors. Their incidence has been increasing in recent years for various reasons (119). Therefore, it is urgent to increase the treatment selection of BTCs (120, 121). The development of individualized treatment plans is of great significance for cholangiocarcinoma with high heterogeneity (122, 123). The clinical trial results revealed that most antiangiogenic drugs alone or in combination did not significantly prolong OS and PFS in patients with biliary tract tumors. However, some of these clinical trials achieved considerable ORR, indicating significant tumor regression at the early stage of treatment. There are two possible reasons for the unsatisfactory results of antiangiogenic therapy. On the one hand, a compensatory feedback pathway may be activated when one angiogenesis pathway is inhibited. For example, inhibiting VEGF signaling pathways may activate Ang pathways. On the other hand, inhibition of angiogenesis leads to hypoxia in the local environment, which may promote the expression of tumor proliferation and migration genes. For example, HIF-1 and downstream gene expression levels were increased after VEGF inhibition. Therefore, combination therapy as the future direction of antiangiogenic therapy seems to be feasible. The combination of the antiangiogenic drug bevacizumab and the antiproliferative drug acetazolamide results in tumor inhibition in mice (124). Further clinical studies should be performed in the future to test this hypothesis. Based on the theory that antiangiogenic agents help target drugs penetrate into the tumor microenvironment, the effect of pemigatinib, a novel drug, which is approved by the FDA for the treatment of cholangiocarcinoma, in combined with should also be investigated for the treatment of patients with FGFR mutations.

The selection of potential patients who will benefit from antiangiogenic drugs is also crucial for the design of clinical trials and may be a critical factor for reaching the main endpoint. Dreyer C et al. reported promising results in three iCCA patients who were selected with hypervascular features. Therefore, the selection of cases with active tumor angiogenesis through imaging or histological evaluation may be conducive to improving the ORR. Some researchers have confirmed that the DWI phase of MRI is effective in evaluating tumor angiogenesis (125). Wu Xin et al. analyzed 88 cases of eCCA and found that ADC values were negatively correlated with MVD and VEGF (p < 0.05), indicating that DWI could be performed for the selection of BTC patients who may benefit from antiangiogenic treatment. It is critical to find more useful methods and markers to help clinicians assess whether patients can benefit from antiangiogenic therapy before medication.

At present, in clinical studies, RECIST is mostly applied to evaluate the effect of antiangiogenic therapy. However, antiangiogenic treatment may not result in a significant change in tumor volume in BTCs. After vascular degeneration, the interior of the tumor is necrotic, and the volume may not change. Therefore, traditional RECIST is not appropriate to evaluate the efficacy. Some researchers have proposed new ways to assess efficacy. It has been suggested that activated circulating vascular epithelial cells (aCECs) have higher sensitivity and reliability in efficacy evaluation than upstream factors such as VEGF. Some scholars have proposed using intratumor blood perfusion indicators [such as blood flow (BF) and blood volume (BV)] to reflect changes in blood supply. In particular, in view of the theory of vascular normalization proposed in recent years, how to evaluate the time window of anti-vascular therapy has become an urgent problem to be solved.

There are many kinds of cells in the tumor microenvironment, and the cytokines secreted and the receptors expressed by them constitute multiple signaling pathways that interact with each other. These signaling pathways are involved in tumor angiogenesis (126). Inhibition of one target or one pathway may result in short-term tumor regression, but inhibition of one pathway may promote another pathway. Therefore, effective antiangiogenic therapy needs to focus on common targets or multiple targets of multiple pathways and solve drug delivery problems in the leaky and poorly perfused tumor microenvironment. The study of improving the mechanism of angiogenesis in cholangiocarcinoma is helpful to find new therapeutic targets. Strengthening the construction of methods to evaluate tumor vascular normalization is helpful for the clinical development of reasonable antivascular therapy.

In conclusion, as highly heterogeneous tumors, the treatment and management of BTCs needs comprehensive evaluation and individualized medication, for which antiangiogenic therapy is a promising treatment method.
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Pancreatic ductal adenocarcinoma (PDAC) has a hypoxic and desmoplastic tumor microenvironment (TME), leading to treatment failure. We aimed to develop a prognostic classifier to evaluate hypoxia status and hypoxia-related molecular characteristics of PDAC. In this study, we classified PDAC into three clusters based on 16 known hypoxia-inducible factor 1 (HIF-1)-related genes. Nine differentially expressed genes were identified to construct an HIF-1 score system, whose predictive efficacy was evaluated. Furthermore, we investigated oncogenic pathways and immune-cell infiltration status of PDAC with different scores. The C-index of the HIF-1score system for OS prediction in the meta-PDAC cohort and the other two validation cohorts were 0.67, 0.63, and 0.65, respectively, indicating that it had a good predictive value for patient survival. Furthermore, the area under the curve (AUC) of the receiver operating characteristic (ROC) curve of the HIF-1α score system for predicting 1-, 3-, and 4-year OS indicated the HIF-1α score system had an optimal discrimination of prognostic prediction for PDAC. Importantly, our model showed superior predictive ability compared to previous hypoxia signatures. We also classified PDAC into HIF-1 scores of low, medium, and high groups. Then, we found high enrichment of glycolysis, mTORC1 signaling, and MYC signaling in the HIF-1 score high group, whereas the cGMP metabolic process was activated in the low score group. Of note, analysis of public datasets and our own dataset showed a high HIF-1 score was associated with high immunosuppressive TME, evidenced by fewer infiltrated CD8+ T cells, B cells, and type 1 T-helper cells and reduced cytolytic activity of CD8+ T cells. In summary, we established a specific HIF-1 score system to discriminate PDAC with various hypoxia statuses and immune microenvironments. For highly hypoxic and immunosuppressive tumors, a combination treatment strategy should be considered in the future.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is one of the deadliest malignancies and accounts for nearly 4.5% of all cancer-related deaths worldwide, with a 5-year survival rate of less than 10% (1, 2). Despite major efforts to improve the diagnosis and treatment of PDAC, the survival rate of patients with PDAC has not significantly improved (3). In particular, novel treatments were found to have limited indications or low response rates (2–5). For example, olaparib, is only effective in patients with germline BRCA mutations (6–8). PD-1/PD-L1 inhibition-based immunotherapy is under investigation, and preliminary data showed limited efficacy for single drug treatment (9, 10). These are due to tumor heterogeneity and the specific tumor microenvironment (TME) in PDAC (11–13). In addition, the traditional prognostic clinicopathological characteristics, such as American Joint Committee on Cancer (AJCC) stage and histologic grade, have less accurate predictive value for the clinical outcome of patients with PDAC (14–16). Therefore, exploring the molecular classification and mechanisms leading to TME development and tumor progression will help in designing more effective precision treatments for PDAC.

Desmoplasia and hypoxia are the major characteristics of TME in PDAC, in which desmoplasia worsens tumor hypoxia, and hypoxic conditions promote the proliferation of stromal cells such as CAFs, leading to severe desmoplasia (17–19). Hypoxia-inducible factor-1 (HIF-1) is a master regulator of tumor hypoxia and plays a critical role in promoting the malignant phenotypes of PDAC (20, 21). For example, HIF-1 was reported to enhance the transcription of Snail by binding to its hypoxia response elements, inducing epithelial-mesenchymal transition and cancer metastasis in PDAC (22). In addition, the hypoxic TME of PDAC could upregulate the expression of multidrug resistance 1 (MDR1) through the HIF-1 signaling pathway, thereby mediating chemotherapy resistance (23). Importantly, HIF-1 regulates anti-tumor immunity by regulating the expression of PD-L1 or CD47, resulting in an immunosuppressive TME (24–27). Thus, hypoxia and HIF-1 may affect the expression of different genes and lead to corresponding cancer cell behaviors. Therefore, it is of great interest to establish a prognostic classifier to evaluate the different hypoxia status and characteristics of hypoxia-related subtypes of PDAC.

In the current study, using multiple bioinformatics analysis, we classified patients with PDAC into three clusters based on HIF-1 related genes. Nine differentially expressed genes among the three HIF-1 clusters were identified from the meta-PDAC cohort to construct an HIF-1 score system for prognostic stratification of patients with PDAC. The predictive efficacy of the HIF-1 score system was evaluated in meta-PDAC cohort and validation cohort. Of note, we also comprehensively assessed the oncologic biological pathways and immune-cell infiltration status for pancreatic cancers with different HIF-1 scores.



Materials And Methods


PDAC Datasets and Preprocessing

Publicly available PDAC mRNA-sequencing data and corresponding clinical information of patients were obtained from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/), the Cancer Genome Atlas (TCGA, https://cancergenome.nih.gov/), and the International Cancer Genome Consortium (ICGC, https://icgc.org/) databases. The PDAC dataset GSE62452 (Platform: GPL6244; 61 non-tumor samples and 69 tumor samples) from the GEO database and TCGA PDAC dataset (4 non-tumor samples and 146 tumor samples) were integrated into a meta-PDAC cohort (65 non-tumor samples and 215 tumor samples). The R package ‘sva’ was used to eliminate batch effects. Of the 215 PDAC cases in the meta-PDAC cohort, 205 were cases with OS > 1 month and were used as the training cohort for prognostic stratification based on HIF-1 signaling. Transcriptomic data from the ICGC PDAC cohort (N = 96; validation cohort 1) and GSE79668 cohorts (Platform: GPL11154; N = 51; validation cohort 2) were used for validation.



Identification of HIF-1 Related Genes in PDAC

A total of 16 HIF-1 related genes were identified, corroborating previous studies (28, 29). The differential expression of these genes between non-tumor and tumor samples was evaluated in the meta-PDAC cohort. The prognostic value of HIF-1-related genes in PDAC was evaluated in a meta-PDAC cohort using Kaplan–Meier (KM) survival analysis.



Consensus Clustering Analysis

Using the R package ‘ConsensusClusterPlus’, consensus clustering was conducted to categorize PDAC patients into subgroups based on the expression of HIF-1 related genes. Principal component analysis (PCA) was performed to evaluate the clustering efficacy. KM survival analysis was then performed to assess the OS difference between different subgroups. The differential expression of HIF-1 related genes between different subgroups was visualized using the R package ‘pheatmap’. Then, the association between subgroups and clinicopathological characteristics, including AJCC stage and histologic grade, was evaluated using the chi-square test or Fisher’s exact test. Differentially expressed genes between different subgroups were identified using the R package ‘limma’ under the threshold of |log2 fold change (FC)| > 0.5. The overlapping differentially expressed genes (ODEGs) were selected for subsequent analysis.



Development and Validation of the HIF-1 Score System

Using the R package ‘survival’, we performed univariate Cox regression analysis to assess the association between the ODEGs and OS in batches in the meta-PDAC cohort. Then, using the R package ‘glmnet’, the critical prognosis-associated ODEGs were further determined through least absolute shrinkage and selection operator (LASSO) regression analysis. KM survival analysis was also conducted to evaluate the prognostic association of the critical prognosis-associated ODEGs according to the optimal cutoff point using the R package ‘survminer’. Using the R package ‘survival’, an HIF-1 score system was developed based on a linear combination of the expression of the critical prognosis-associated ODEGs and the multivariable Cox regression coefficients as the weight. For external validation of the HIF-1 score system, the HIF-1 score was also calculated for patients with PDAC in the ICGC PDAC cohort and GSE79668 cohort with the same multivariable Cox regression coefficients in the meta-PDAC cohort.

Using the R package ‘survminer’, KM survival curves for OS were constructed according to the optimal cutoff points obtained from X-tile software version 3.6.1 (low HIF-1 score, medium HIF-1 score, and high HIF-1 score) (30). The predictive performance of the HIF-1 score system was evaluated using the C-index and AUC of the ROC curves. PCA was performed to evaluate prognostic stratification efficacy. In addition, the association between HIF-1 score and clinicopathological characteristics, including AJCC stage and histologic grade, was evaluated using the chi-square test.



Association Between HIF-1 Score and Somatic Mutation in PDAC

Using the R package ‘maftools’, we visualized the somatic mutation profile of PDAC in the TCGA PDAC cohort. We further investigated the association between HIF-1 score and somatic mutation using the chi-square test. We also assessed the association between tumor mutation burden (TMB) and HIF-1 score. In summary, we aimed at preliminarily determining whether somatic mutation status affected hypoxia status in PDAC.



Gene Set Variation Analysis (GSVA)

GSVA is an analytical method used to calculate the enrichment scores of specific gene sets for each sample based on RNA-seq (31). Using the R package ‘gsva’, we conducted GSVA to estimate the enrichment scores of 50 gene ontology gene sets (h.all.v7.0.symbols.gmt), and 231 metabolic process gene sets (c5.go.bp.v7.4.symbols.gmt) obtained from the Molecular Signature Database (MSigDB, http://software.broadinstitute.org/gsea/msigdb) in the meta-PDAC cohort. Furthermore, GSVA was also implanted to calculate the enrichment scores of 25 immune-related terms extracted from previous studies (32).



Association Between HIF-1 Score and Hypoxia Scores

A total of three hypoxia scores based on the TCGA PDAC dataset were obtained from the cBioportal database (http://www.cbioportal.org/), including Buffa hypoxia, Ragnum hypoxia score, and Winter hypoxia score (33–35). We then evaluated the differences in these three hypoxia scores between different HIF-1 score subgroups. Correlation analysis between the HIF-1 score and these three hypoxia scores was conducted using Pearson correlation coefficients. KM survival curves were obtained for HIF-1 and the three hypoxia scores in the sample TCGA PDAC cohort. Then, ROC curves for 1-, 2-, and 3-year OS were performed for HIF-1 score and these three hypoxia scores to compare their predictive reliability for OS.



Real-Time Polymerase Chain Reaction (RT-qPCR)

A total of 28 samples of PDAC patients were collected after surgical resection in Guangdong Provincial People’s Hospital during 2015-2021. The total mRNA of PDAC tissues were isolated using TRIzol (Invitrogen, USA) following the manufacturer’s instruction. The RT-qPCR was conducted in triplicate using Taqman™ Assay kit (Applied Biosystems, USA). The expressions were estimated by 2-△△Ct method andβ-actin was used as an internal control. The sequences of primers for the nine genes of our model were shown in Table S1. Informed consent was obtained from all patients, and the study was approved by the Ethics Committee of Guangdong Provincial People’s Hospital.



Immunohistochemistry

The formalin-fixed paraffin-embedded sections (4-µm thick) from the corresponding PDAC samples were deparaffinized and rehydrated, followed by antigen retrieval using citrate buffer (pH 8.0). Staining for CD8+ T cells were performed using a rabbit anti-CD8A monoclonal antibody (GB13429, Servicebio, China) and the LSAB+ System HRP kit (DAKO, Carpineteria, CA) according to the manufacturer’s instructions. The levels of CD8A-positive cells was quantified by whole slide digital scanning using Aperio VERSA scanner (Leica Bioosystems, USA), and converted to number/mm2.



Statistical Analysis

GraphPad Prism 8.0 software (GraphPad Software, Inc.) and the R software version 3.5.2 (http://r-project.org/) were used to conduct all statistical analyses. Group differences analysis were performed using Wilcoxon test or Kruskal–Wallis test, and expressed as means ± standard deviation (SD). Pearson correlation coefficient was used for correlation analysis. A two-sided P value < 0.05 was considered as statistically significant.




Results


The mRNA Expression of HIF-1 Related Genes in PDAC

We analyzed 16 known HIF-1 related genes and found that 15 were significantly overexpressed in tumor samples in the meta-PDAC cohort, including ALDOA, ALDOC, ENO1, GAPDH, HIF1A, HK1, HK2, LDHA, PDK1, PFKFB3, PFKL, PGK1, PKM, SLC2A1, and SLCS2A3, whereas only one (BNIP3) was significantly downregulated (Figure S1A). KM survival analysis demonstrated that 13 HIF-1 related genes were significantly associated with shorter OS of PDAC patients, namely ALDOA, ALDOC, ENO1, GAPDH, HIF1A, HK1, HK2, LDHA, PDK1, PGK1, PKM, SLC2A1, and SLCS2A3. (Figure S1B).



Consensus Clustering Analysis Identified Three HIF-1 Clusters of PDAC With Different Clinical Outcomes

According to the mRNA expression similarity of HIF-1 related genes, k = 3 was the most appropriate choice for classifying patients with PDAC into three clusters, namely HIF-1 clusters A, B, and C (Figures 1A, B). PCA demonstrated that HIF-1 related genes worked well with significant clustering efficacy (Figure 1C). The KM survival curve for OS showed that HIF-1 cluster C had the best survival, and HIF-1 cluster B had shorter medium OS than HIF-1 cluster A, though survival differences between cluster A and cluster B was not statistically significant (Figure 1D). A heatmap was constructed to visualize the distribution of these 16 HIF-1 related genes, AJCC stage, and the histologic grade among the three HIF-1 clusters (Figure 1E). Furthermore, we found that the HIF-1 cluster was not significantly associated with AJCC stage but significantly associated with histologic grade (Figures 1F, G), in which HIF-1 cluster B was significantly correlated with advanced histologic grade and HIF-1 cluster C was correlated with low histologic grade. These results indicate that different HIF-1 clusters are associated with different clinical outcomes.




Figure 1 | Consensus clustering analysis identified three HIF-1 clusters of PDAC with different clinical outcomes. (A) The meta-PDAC cohort was divided into three distinct clusters when k = 3. (B) Relative change in area under consensus clustering cumulative distribution function curve for k = 2 to 9. (C) PCA demonstrated that HIF-1 related genes worked well with significant clustering efficacy. (D) The KM survival curve for OS showed a significant difference among these three HIF-1 clusters. (E) Heatmap to show the 16 HIF-1 related genes expression and corresponding clinicopathological information in the three HIF-1 clusters. (F) HIF-1 cluster was not significantly associated with AJCC stage. (G) HIF-1 cluster was significantly associated with histologic grade. PDAC, pancreatic ductal adenocarcinoma; PCA, principal component analysis; KM, Kaplan-Meier; OS, overall survival; AJCC, American Joint Committee on Cancer. ns > 0.05; ****P value < 0.0001.





Development and Validation of the HIF-1 Score System

The DEGs between different HIF-1 clusters were visualized using volcano plots (Figures S2A–C). There were 249 ODEGs among the three HIF-1 clusters (Figure S2D). Univariable Cox regression analysis demonstrated that 130 ODEGs were significantly associated with OS of patients with PDAC (P < 0.05) (Table S2). Moreover, LASSO regression analysis identified nine critical prognosis-associated ODEGs, and the KM survival analysis is shown in the forest plots (Figure 2). Subsequently, based on these nine critical prognosis-associated ODEGs, we constructed an HIF-1 score system using multivariable Cox regression analysis in the meta-PDAC cohort (training cohort). The HIF-1 score was calculated by multiplying the expression of these nine critical prognosis-associated ODEGs by the corresponding multivariable Cox regression coefficients: HIF-1 score = (0.159789 × the expression value of ARNTL2) + (-0.005245 × the expression value of TPX2) + (0.105759 × the expression value of DCBLD2) + (0.045574 × the expression value of IGF2BP2) + (-0.088258 × the expression value of GZMK) + (-0.001925 × the expression value of FAM83A) + (-0.245471 × the expression value of SLC38A11) + (0.214995 × the expression value of FOXM1) + (0.103582 × the expression value of DSG3). Then, we classified patients in the meta-PDAC cohort into high-, medium-, and low-HIF-1 score groups according to the optimal cutoff point obtained from X-tile 3.6.1 software (low HIF-1 score, < 1.006; medium HIF-1 score, 1.006 ≥ & < 2.349; high HIF-1 score, ≥ 2.349). The KM survival curves for OS showed significant differences among these three HIF-1 score subgroups, in which the low-HIF-1 score group had the best survival and the high-HIF-1 score group had the worst survival (Figure 3A). For validation, HIF-1 scores were also calculated for 96 patients with PDAC in the ICGC PDAC cohort (validation cohort 1) and 51 patients with PDAC in the GSE79668 cohort (validation cohort 2). Similar results of KM survival analysis were also observed in the validation cohorts (Figures 3B, C).




Figure 2 | Identification of nine critical prognosis-associated ODEGs for PDAC. (A, B) LASSO regression analysis identified nine critical prognosis-associated ODEGs for PDAC. (C) Forest plots to show the results of KM survival analysis of the nine critical prognosis ODEGs. ODEGs, overlapping differentially expressed genes; PDAC, pancreatic ductal adenocarcinoma; KM, Kaplan-Meier.






Figure 3 | Development and validation of the HIF-1 score system. (A–C) KM survival curves for OS of patients with PDAC according to the HIF-1 score groups in the meta-PDAC cohort, ICGC PDAC cohort, and GSE79668 cohort. (D–F) ROC curve analysis of the HIF-1 score system for 1-, 2-, and 3-year OS prediction in the meta-PDAC cohort, ICGC PDAC cohort, and GSE79668 cohort. (G–I) PCA to confirm the cluster efficacy of the HIF-1 score system in the meta-PDAC cohort, ICGC PDAC cohort, and GSE79668 cohort. KM, Kaplan-Meier; OS, overall survival; PDAC, pancreatic ductal adenocarcinoma; PCA, principal component analysis; ROC, the receiver operating characteristic curve.



The C-index of the HIF-1 score system for OS prediction in the meta-PDAC cohort were 0.67 (95%CI, 0.62–0.72). For validation cohorts, the HIF-1 score system also exhibited a high accuracy of OS prediction, with a C-index of 0.63 (95%CI, 0.56–0.70) in the ICGC PDAC cohort and a C-index of 0.65 (95%CI, 0.57–0.73) in the GSE79668 cohort. In addition, for the meta-PDAC cohort, the AUC values of the HIF-1 score system for predicting 1-, 2-, and 3-year OS were 0.716, 0.729, and 0.751, respectively (Figure 3D). Consistently, the AUC of the HIF-1 score for 1-, 2-, and 3-year OS were 0.720, 0.623, and 0.604 in the ICGC PDAC cohort, and 0.730, 0.648, and 0.739 in the GSE79668 cohort, respectively (Figures 3E, F). PCA confirmed the cluster efficacy of the HIF-1 score system (Figures 3G–I). These results suggest an optimal discrimination of prognostic prediction using the HIF-1 score system for PDAC.



Association Between HIF-1 Score and Clinicopathological Characteristics in PDAC

Chi-square analysis indicated that the HIF-1 score system was not significantly correlated with AJCC stage in patients with PDAC, and no significant difference in HIF-1 score was found among different AJCC stages (Figures 4A, B). However, the HIF-1 score system was significantly associated with advanced histologic grade, and PDAC patients with higher histologic grade had higher HIF-1 scores than those with lower histologic grades (Figures 4C, D). In addition, univariate and multivariate Cox regression analyses demonstrated that the HIF-1 score system was an independent prognostic factor for OS in patients with PDAC (Figures 4E, F).




Figure 4 | Association between the HIF-1 score and clinicopathological characteristics in PDAC. (A, B) No significant association between HIF-1 score and AJCC stage were found in PDAC. (C, D) Significant positive correlation between HIF-1 score and histologic grade were observed in PDAC. (E) Univariate Cox regression analysis demonstrated that HIF-1 score system and histologic grade were prognostic factor for OS of patients with PDAC. (F) Multivariate Cox regression analysis demonstrated that the HIF-1 score system was an independent unfavorable prognostic factor for OS of patients with PDAC. PDAC, pancreatic ductal adenocarcinoma; OS, overall survival. ns > 0.05; ***P value < 0.001; ****P value < 0.0001.





Association Between HIF-1 Score and Genomic Alteration

In line with published studies, we verified that mutations in KRAS, TP53, CDKN2A, and SMAD4 are four of the most frequent genetic alterations in PDAC (Figure 5A). The most common nucleotide change was the C > T transversion (Figure 5A). Furthermore, our study revealed that KRAS and TP53 mutation status were significantly correlated with the HIF-1 score (Figure 5A). Patients with KRAS and TP53 alterations had significantly higher HIF-1 scores than those with wild type KRAS and TP53 (Figures 5B, C). In addition, patients with higher HIF-1 scores had a much higher TMB than those with lower HIF-1 scores (Figures 5D, E).




Figure 5 | Association between HIF-1 score and genomic alteration in PDAC. (A) The waterfall plot shows the top 10 most commonly mutated genes in patients with PDAC. HIF-1 score was significantly correlated with KRAS and TP53 mutation. (B) Higher HIF-1 score was found in KRAS altered PDAC. (C) Higher HIF-1 score was found in TP53 altered PDAC. (D) TMB in low HIF-1 score group PDAC was much lower than those in medium and high HIF-1 score group PDAC. (E) HIF-1 score was positively associated with TMB in PDAC. PDAC, pancreatic ductal adenocarcinoma; TMB, tumor mutation burden. ns > 0.05; **P value < 0.01; ****P value < 0.0001.





Analysis of Biological Pathways Among Different HIF-1 Score Groups

The top 20 differential oncologic biological pathways and metabolic processes between different HIF-1 score groups were presented using heatmaps (Figure S3). Ten critical oncologic biological pathways were found intersected among these three HIF-1 clutters (Figure 6A). The high HIF-1 score group had the highest enrichment scores for hypoxia, glycolysis, mTORC1 signaling, MYC signaling (MYC target V1 and MYC target V2), mitotic spindle, DNA repair, G2M targets, and E2F targets, while the low-HIF-1 score group showed the lowest enrichment. By analyzing the metabolic process, we found that the high HIF-1 score group had significant enrichment of nucleobase metabolic processes (Figure S3E, F). However, cGMP metabolic process, on the contrary, was significantly downregulated in the high HIF-1 score group but upregulated in the low-HIF-1 score group (Figure S3E).




Figure 6 | Association between HIF-1 score and hypoxia status and oncologic biological processes in PDAC. (A) Heatmap to show the ten critical oncologic biological pathways intersected among the three HIF-1 clutters. (B–D) Stepwise scores from HIF-1 score low to high group based on the Buffa hypoxia, Ragnum hypoxia score, and Winter hypoxia score system. (E–G) HIF-1 score was significantly correlated with Buffa hypoxia, Ragnum hypoxia score, and Winter hypoxia score system. (H–K) KM survival curves for OS of patients with PDAC according to the HIF-1 score system, Buffa hypoxia, Ragnum hypoxia score, and Winter hypoxia score system in TCGA PDAC cohort. (L–N) ROC curve analysis for 1-, 2-, and 3-year OS prediction based on the HIF-1 score system, Buffa hypoxia, Ragnum hypoxia score, and Winter hypoxia score system in TCGA PDAC cohort. PDAC, pancreatic ductal adenocarcinoma; KM, Kaplan-Meier; OS, overall survival; TCGA, the Cancer Genome Atlas; ROC, the receiver operating characteristic curve. ****P value < 0.0001.





Comparison With Our HIF-1 Score System With Other Hypoxia Score Systems

Previous studies have reported the hypoxia score system in other cancer types based on transcriptional data. In this study, we compared the predictive ability of our HIF-1 score system with these published hypoxia score systems in pancreatic cancer. First, we observed stepwise scores from HIF-1 low to high score groups calculated by the Buffa hypoxia, Ragnum hypoxia, and Winter hypoxia score systems (Figures 6B–D). These results validated our HIF-1 score system reflecting hypoxia status in pancreatic cancer. Furthermore, we found that HIF-1 score was significantly correlated with these three hypoxia score systems (Cor = 0.70, P < 0.0001 for Buffa hypoxia score; Cor = 0.76, P < 0.0001 for Ragnum hypoxia score; Cor = 0.67, P < 0.0001 for Winter hypoxia score) (Figures 6E–G). We then compared the prognostic stratification ability of the HIF-1 score system and these three hypoxia scores through KM survival analysis in TCGA PDAC cohort, which showed that the HIF-1 score system had the best performance in prognostic stratification (Figures 6H–K). We also compared the discriminatory ability of the HIF-1 score system and these three hypoxia scores in prognostic prediction through AUC of the ROC curves, which demonstrated that the HIF-1 score system had the best predictive efficacy for 1-, 2-, and 3-year OS of PDAC patients (Figures 6L–N). These results suggest that our score system had superior predictive ability for patient prognoses.



Tumors With High HIF-1 Score Were Associated With Immunosuppressive Phenotype

The 25 immune-related terms were visualized using a heatmap, including CD56dim natural killer cells, type-17 T-helper cells, plasmacytoid dendritic cells, gamma delta T cells, macrophages, T follicular helper cells, myeloid-derived suppressor cells, regulatory T cells, natural killer T cells, natural killer cells, activated dendritic cells, immature dendritic cells, monocytes, eosinophils, mast cells, activated CD4+ T cells, cytolytic activity, activated CD8+ T cells, tumor-infiltrating lymphocytes (TILs), type 1 T-helper cells, neutrophils, CD56bright natural killer cells, and type 2 T-helper cells (Figure 7A). Furthermore, significant differences in the infiltration and cytolytic activity of TILs were observed among different HIF-1 score groups, especially for activated CD8+ T cells, B cells (activated and immature), and type 1 T-helper cells (Figures 7B–G). Of note, patients in the high HIF-1 score group exhibited the lowest infiltration and cytolytic activity of CD8+ T cells, while those in the low-HIF-1 score group exhibited the highest (Figures 7C, D). To further confirm these findings, we investigated the correlation between the HIF-1 score and the infiltration of CD8+ T cell using our own dataset. Based on the results of RT-qPCR, we calculated the HIF-1 score for the 28 PDAC tissues, and divided them into low- and high-HIF-1 score according to the medium cutoff of HIF-1 scores. Representative image of CD8A immunostaining of low- and high-HIF-1 score PDAC samples were shown in Figures 7H, I. Negative association between the HIF-1 score and CD8+ T cell infiltration was observed (Figure 7J). And tumors with high HIF-1 scores exhibited decreased infiltration of CD8+ T cells compared with those with low HIF-1 score (Figure 7K).




Figure 7 | Tumors with high HIF-1 score were associated with immunosuppressive phenotype. (A) Heatmap to show the 25 immune-related terms in the three HIF-1 score groups. (B–G) Differences of TIL, activated CD8+ T cell, cytolytic activity, activated B cell, immature B cell, and Type 1 T helper cell among the three HIF-1 score groups. (H) Representative image of CD8A immunostaining in low-HIF-1 score tumor. (I) Representative image of CD8A immunostaining in high-HIF-1 score tumor. (J) Negative association between the HIF-1 score and CD8+ T cell infiltration. (K) Tumors with high HIF-1 scores exhibited decreased CD8+ T cell infiltration compared with those with low HIF-1 scores. TIL, tumor-infiltrating lymphocytes. ns > 0.05; *P value < 0.05; **P value < 0.01;***P value < 0.001; ****P value < 0.0001.



We also found that higher HIF-1 scores were significantly correlated with higher PD-L1 and B7-H3 expression in PDAC, which are important molecules regulating the immunosuppressive phenotype (Figures S4A, B). In addition, we assessed the differences in HIF-1 scores between various subtypes defined by Bailey et al., which were squamous, immunogenic, pancreatic progenitor, and aberrantly differentiated endocrine exocrine (ADEX) (36). In their study, the squamous subtype showed significantly increased hypoxia response and limited immune infiltration and the worst survival. Consistently, we found that tumors of the squamous subtype had significantly higher HIF-1 scores than those in the immunogenic subtype (“hot tumor”) (Figure S4C), suggesting that the squamous subtype had a highly hypoxic status. These results indicate that the HIF-1 score system might be an indicator of the immune-cell infiltration profile in PDAC. In particular, our results suggest an immunosuppressive status of tumors with high HIF-1 score (“cold tumor”).




Discussion

PDAC is one of the most lethal malignancies with a heterogeneous molecular profile and various hypoxic TMEs (13, 37–39). Over the past decade, molecular target therapy and immune checkpoint inhibitors have been breakthrough advancements in the treatment of various malignancies, such as non-small cell lung cancer, hepatocellular carcinoma, and melanoma (40–42). However, limited therapeutic efficacy has been observed in PDAC due to the limited infiltration of anti-tumor immune cells in the hypoxic TME (43–45). Indeed, the hypoxic TME of PDAC contributes significantly to treatment failure of chemotherapy, target therapy, and immunotherapy (46–50). Targeting tumor hypoxia and HIF-1 signaling might be a promising approach to improve the therapeutic response of chemotherapies or immunotherapies for patients with PDAC. However, a previous study by J. Board et al. found no survival improvement with the combination treatment of a hypoxia inhibitor (TH-302) with gemcitabine in advanced PDAC (51). The disappointing results might be due to several reasons, including not recruiting appropriate patients because they did not check the hypoxic status of the PDAC before treatment. Therefore, to facilitate clinicians in individualized treatment decisions, it is of great value to develop a prognostic classifier to assess the hypoxic status and the corresponding molecular profile of PDAC.

In the present study, based on the known 16 HIF-1 related genes, we constructed a consensus clustering analysis to classify PDAC patients from the meta-PDAC cohort into three HIF-1 clusters. We then developed an HIF-1 score system integrated with nine prognosis-associated ODEGs among the three HIF-1 clusters, which showed reliable predictive efficacy for OS of PDAC patients through KM survival analysis, C-indexes, and AUC of the ROC curves in the training cohort and validation cohorts. In addition, by comparing our HIF-1 score system with other hypoxia score systems established based on other cancer types, we found that our model had the highest prognostic predictive value in PDAC. Taken together, we developed a specific HIF-1 score system for PDAC, which reflects the hypoxic status of tumors and has satisfactory predictive value for patient prognoses.

Some of the nine genes utilized in the HIF-1 score system play critical roles in pancreatic carcinogenesis. For example, Wand et al. indicated that ARNTL2 is involved in pancreatic carcinogenesis by regulating the TGF-β signaling pathway (52). IGF2BP2 overexpression promotes PDAC progression through the PI3K/Akt signaling pathway (53). TPX2 is a critical target of the KRAS signaling pathway and a potential therapeutic target in PDAC (54, 55). Parameswaran et al. demonstrated that FAM83A overexpression promotes tumor progression through the MEK-ERK signaling pathway in PDAC (56). DCBLD2 and DSG were identified as unfavorable prognostic biomarkers in PDAC (57, 58). Notably, it has been reported that FOXM1 is overexpressed in hypoxic cancer cells, which is mediated by HIF-1 (59). Cui et al. also demonstrated that FOXM1 impelled the Warburg effect and tumor progression in PDAC through transcriptional modulation of LDHA expression, indicating that FOXM1 is a HIF-1 target affecting PDAC metabolism and progression (60). It should be pointed out, based on the method of data mining, that all the nine genes of our model should be HIF-1-related genes. However, many of them have not been reported to be directly regulated by HIF-1. Further studies are needed to investigate how HIF regulates or interacts with these genes.

In our study, we classified pancreatic cancer patients into three groups based on HIF-1 score system, which were HIF-1 low, medium, and high score groups. Compared to HIF-1 low and medium score groups, pancreatic cancers with HIF-1 high scores are considered more aggressive and refractory because they are associated with worse survival and more advanced grade. By exploring the molecular profile between tumors in HIF-1 low, medium, and high score groups, we found significant enrichment of the MYC and mTORC pathways in the HIF-1 high score group. MYC has been identified as one of the main drivers of PDAC initiation and metastasis (61). Pre-clinical studies have found that inhibition of c-MYC induces cell cycle arrest and chemosensitivity and impairs hypoxia signaling in PDAC (62–65). The mTORC1 pathway is also an oncogenic signaling pathway involved in the proliferation of tumor cells through the modulation of autophagy and angiogenesis (66). Of note, a previous studies revealed that mTORC1 upregulated the transcription and translation of HIF-1 (67–69). Everolimus, an inhibitor of mTORC1, has been shown to impair tumor progression in gemcitabine-resistant PDAC by diminishing the Warburg effect (70). However, Wolpin et al. demonstrated that daily everolimus administered as a single agent had little clinical efficacy in patients with gemcitabine-resistant PDAC (71). Similarly, the combination of everolimus with cytotoxic therapies (e.g., gemcitabine and cisplatin) also failed to achieve meaningful therapeutic responses in patients with PDAC (72–74). These results suggest that single-target therapy may not be sufficient for the eradication of pancreatic cancer cells, especially for refractory and chemoresistant cancer cells. Therefore, combination target therapy may be a promising treatment. Our findings indicate that MYC and mTORC pathways are critical driver in HIF-1 high score tumors, which provides a preliminary rationale for combination treatment using HIF-1 inhibitor and MYC inhibitor, or using HIF-1 inhibitor and everolimus in these highly hypoxic and aggressive pancreatic cancers in future studies.

In addition to activation of MYC and mTORC signaling, we revealed that pancreatic cancers with HIF-1 high scores were more immunosuppressive by further investigation into the hypoxia-immune profiles. In particular, tumors with high HIF-1 scores were associated with low infiltration of TILs, including active CD8+ T cells, active and immature B cells, and type 1 helper T cells. These tumors had high expression of PD-L1 and B7-H3, which are important immune checkpoint proteins. Tumor hypoxia and HIF-1 activation regulate many processes of anti-tumor immunity, leading to impaired immune responses and immune evasion (75–78). For example, HIF-1 decreases the production of IL2 and IFN-γ by CD8+ T cells, thereby diminishing the cytolytic activity (75). Hypoxia-mediated ROS also results in immunosuppressive and even lethal toxicity in CD8+ T cells (76). Interestingly, using a genetic animal model, Lee et al. demonstrated accumulation of HIF-1α in early pancreatic neoplasia but HIF-1α deletion accelerates PDAC initiation by increasing B cell infiltration, suggesting the pro-neoplastic effect of B cells (79). However, the role of B cells in anti-tumor immunity is still controversial (80, 81). Therefore, further studies are needed to clarify the role of B cell immunity in human PDAC and its interaction with HIF-1. Notably, hypoxia-mediated HIF-1 increases the expression of PD-L1 in multiple solid tumors through PTEN/PI3K signaling, thereby inducing anergy or apoptosis of T cells (78, 82, 83). In addition, we found that a higher HIF-1 score was also observed in the squamous tumor subtype defined by Bailey et al., which was characterized by enrichment for hypoxia response, metabolic reprogramming, and MYC signaling and associated with poor prognosis and limited immune infiltration (36). Taken together, pancreatic cancers with higher HIF-1 scores have a more immunosuppressive TME. Tumors with low/medium HIF-1 scores tend to be good candidates for immunotherapy, especially single treatment with PD-1/PD-L1 inhibitor. For highly hypoxic and immunogenic cold tumors, strategies to break immune-cell infiltrating barriers by inhibiting HIF-1 or reducing desmoplasia may be beneficial for strengthening the efficacy of immunotherapy.

Several limitations of the current study should be noticed. First, a multi-cent and large cohort should be performed to validate the prognostic prediction ability of the HIF-1 score system. Second, further experiment studies should be conducted to investigate the underlying mechanisms by which the HIF-1 related genes regulate anti-tumor immunity in PDAC.

In summary, our study established a specific HIF-1 score system to discriminate pancreatic cancers with various degrees of hypoxia status and immunosuppressive TMEs, which provides accurate predictive value for patient prognoses. In addition, we present distinctive molecular profiles and critical oncogenic pathways for tumors with low/medium HIF-1 scores and high HIF-1 scores, which provide distinctive strategies for treating these pancreatic cancers individually.
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Supplementary Figure 1 | (A) Differential expression analysis of the 16 HIF-1 related genes between non-tumor and tumor samples. (B) Forest plots to show the results of KM survival analysis of the 16 HIF-1 related genes. KM, Kaplan-Meier. **P value < 0.01; ***P value < 0.001; ****P value < 0.0001.

Supplementary Figure 2 | (A) Differential expression analysis between HIF-1 cluster (A, B). (B) Differential expression analysis between HIF-1 cluster (A, C). (C) Differential expression analysis between HIF-1 cluster (B, C). (D) Intersection of differential expressed genes among these three HIF-1 clusters.

Supplementary Figure 3 | Heatmaps to show the top 20 differential oncologic biological pathways and metabolic processes between different HIF-1 score groups were respectively presented using heatmaps.

Supplementary Figure 4 | (A) Association between HIF-1 score and PD-L1 expression in PDAC. (B) Association between HIF-1 score and B7-H3 expression in PDAC. (C) Patients in patients in squamous subtype had significant higher HIF-1 score than those in immunogenic subtype. PDAC, pancreatic ductal adenocarcinoma. ****P value < 0.0001.
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RNA methylation modification is a key process in epigenetics that regulates posttranscriptional gene expression. With advances in next-generation sequencing technology, 5-methylcytosine (m5C) modification has also been found in multiple RNAs. Long non-coding RNAs (lncRNAs) were proved to have a key role in cancer progression and closely related to the tumor immune microenvironment. Thus, based on the PDAC patients’ clinical information and genetic transcriptome data from the TCGA database, we performed a detailed bioinformatic analysis to establish a m5C-related lncRNA prognostic risk model for PDAC patients and discovered the relationship between the risk model and PDAC immune microenvironment. Pearson correlation coefficient analysis was applied to conduct a m5C regulatory gene and m5C-related lncRNA co-expression network. Expression of m5C-related lncRNAs screened by univariate regression analysis with prognostic value showed a significant difference between pancreatic cancer and normal tissues. The least absolute shrinkage and selection operator (LASSO) Cox regression method was applied to determine an 8-m5C-related lncRNA prognostic risk model. We used principal component analysis to indicate that the risk model could distinguish all the samples clearly. The clinical nomogram also accurately predicted 1-, 1.5-, 2-, and 3-year survival time among PDAC patients. Additionally, this risk model was validated in the entire group and sub-test groups using KM analysis and ROC analysis. Combined with the clinical characteristics, the risk score was found to be an independent factor for predicting the survival of PDAC patients. Furthermore, the association between the risk model and tumor immune microenvironment was evaluated via the ESTIMATE R package and CIBERSORT method. Consequently, the results indicated that immune cells were associated with m5C-related lncRNA risk model scores and had different distribution in the high- and low-risk groups. Based on all these analyses, the m5C-related lncRNA risk model could be a reliable prognostic tool and therapeutic target for PDAC patients.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is a common malignant tumor of the digestive system, which is characterized by high degree of malignancy, easy recurrence, and metastasis (1). Recently, the incidence rate of PDAC has increased year by year. Due to the lack of early diagnosis methods, most patients were diagnosed at an advanced stage and lost the chance of radical resection (2). Lately, personalized molecular therapies targeting specific tumor-associated genes and the application of immune checkpoint inhibitors have effectually meliorated the prognostic effect of patients with advanced cancer (3). However, pancreatic cancer is characterized by high rates of drug resistance and metastasis due to its specific tumor microenvironment, current therapies have not effectively contributed to the prognosis of patients with PDAC, and researchers still need more specific biomarkers for developing more effective diagnostic and treatment strategies (4). Hence, it is essential to find new molecular biomarkers for early diagnosis of PDAC.

Epigenetics study aims to research gene differential expression without changing nucleotide sequence (5), and epigenetic modification has been proven to play an important role in the progress of tumor biology (6), such as DNA and RNA methylation, genomic imprinting, gene silencing, and non-coding RNA modification. In recent years, N6-methyladenine (m6A) and 5-methylcytosine (m5C) RNA methylation have become a vital direction in detecting the regulation of RNA epigenetic modification upon the growth of various malignant tumors (7, 8). With the advance of high-throughput sequencing technology, the distribution and biological functions of RNA m5C modification at mRNA and non-coding RNA have been gradually discovered (9). RNA m5C methylation is catalyzed by a methyltransferase complex, which consists of three methylation-related enzymes, including methyltransferase (“Writer”), demethylase (“Erase”), and m5C binding protein (“Reader”). Similar to functions of m6A methylation, m5C methylation exerted biological effects mainly by regulating RNA stability, affecting transcription efficiency, and mediating RNA localization (10). In addition, abnormal expression of m5C methylation is associated with the occurrence and development of several malignant tumors (11, 12). Recent reports have also demonstrated that m5C-related gene expression is associated with prognosis in patients with lung and pancreatic cancers, which further indicated that m5C methylation may have an essential role in malignant tumor growth (13, 14).

Long non-coding RNAs are transcribed by corresponding genes and have a similar structure to mRNA including polyA tail and promoter structure (15). Due to different splicing methods, multiple lncRNAs were formed during the differentiation process. Several research unveiled that lncRNAs could modulate downstream genes in epigenetic, transcriptional, and post-transcriptional levels including gene silencing, histone processing, transcriptional regulation, transcriptional interference, and nuclear transport, which were closely related to the development of various human diseases (16). In malignant tumors, methylation-related genes could affect tumor progression by regulating the methylation level of lncRNA. For instance, LINC00942-specific sequence recruited methylated transferase METTL14 and stabilized the downstream targets of LNC942, which could promote tumorigenesis and development in breast cancer (17). Several reports have demonstrated that m5C modification existed widely in non-coding RNAs; nevertheless, the reports about m5C methylation regulation in lncRNAs were still few. Thus, it is essential to further research the relationship between m5C methylation and lncRNAs, especially in malignant tumor.

Tumor microenvironment (TME) is a mixture of fluid, immune cells, and blood vessels surrounding the tumor (18). The interaction between tumor cells and TME could determine the progression and fate of tumor. Therefore, understanding the composition and function of TME is crucial to research cancer progression (19). Studies have indicated that multiple genetic mutations could increase the incidence of cancer. However, the impact of TME on cancer development is still unclear. Accumulating evidence revealed that lncRNAs were important regulators in the immune system, which could control the distribution and activation of immune cells and mediate the tumor cells’ immune evasion. For instance, LncRNA-MALAT1 could promote thyroid cancer progression via modulating tumor-associated macrophages secreting FGF2 protein (20). In colorectal cancer, lncRNA SATB2-AS1 could regulate tumor tissue immune cell density via combining with downstream proteins WDR5 and GADD45A and regulating TH1-type chemokines (21). Furthermore, the relationship between lncRNAs and tumor immune microenvironment has also been reported in pancreatic cancer (22). However, the relationship between m5C-related lncRNAs and tumor-infiltrating lymph cell distribution has never been reported in PDAC.

In our study, we summarized 177 PDAC patients’ clinical information together with transcriptome expression data, and constructed an mRNA–lncRNA co-expression network between m5C-related mRNAs and lncRNAs. A total of 17 prognostic lncRNAs were screened via univariate Cox analysis. Consequently, we generated a PDAC prognostic risk model consisting of 8 m5C-related lncRNAs via LASSO regression analysis. We further verified the prognostic risk model in subgroups via Kaplan–Meier (KM) analysis and receiver operating characteristic curve (ROC) analysis. Additionally, the association between the risk model and tumor immune environment was measured via the ESTIMATE R package and CIBERSORT tool. Finally, 6 types of immune cells were identified in high- or low-risk groups. Moreover, m5C-related lncRNAs had statistically significant association with immune related genes and 5 types of tumor-infiltrating lymph cells were negatively correlated with the risk scores. In summary, our research indicated that the m5C-related lncRNA risk model might offer a promising prognostic tool and play an essential role in regulating PDAC immune cell distribution.



Materials and Methods


Data Collection and Processing

We downloaded a total of 182 patient data from the TCGA data website including clinical and transcriptome expression raw data (https://portal.gdc.cancer.gov/repository). Compared with the Ensemble Genes ID, 14,086 lncRNAs were identified in the TCGA dataset. Online bioinformatic tool GEPIA (http://gepia.cancer-pku.cn/index.html) was used to detect the expression of m5C-related genes in pancreatic normal and tumor tissues (|Log2FC| Cutoff = 1, p-value cutoff = 0.01; Match TCGA normal and GTEx data).



LASSO Analysis

The LASSO regression method was introduced to construct a m5C regulatory gene-related lncRNA predicted risk model via R package. It is a widely used high-dimensional index regression method that screened the m5C-related lnRNAs with prognostic value and constructed a predicted risk model by applying a penalty proportional to the contraction of the regression coefficient. We established a m5C-related lncRNA risk model consisting of 8 lncRNAs depending on this method.



GSEA

We divided all samples into two groups according to the median risk score of the m5C-related lncRNAs. GSEA software (GSEA_4.1.0) was performed to analyze the data. Enrichments of gene sets with a normalized p-value less than 0.05 were considered to be significant.



Cell Culture

HPNE cell lines (human pancreatic ductal epithelial cell line) and all the three human pancreatic cancer cell lines (Mia-PaCa-2, Panc-1, and CFPAC-1) were purchased from the Cell Bank of Type Culture Collection of the Chinese Academy of Sciences in Shanghai, China. The cells were cultured in RPMI 1640 medium (Gibco, United States) or Dulbecco’s modified Eagle’s medium (Gibco, United States) with 10% fetal bovine serum (Wisent, Montreal, QC, Canada), 100 U/ml penicillin, and 100 μg/ml streptomycin in the incubator at 37°C and 5% CO2 concentration.



RNA Isolation and Quantitative Real-Time PCR

Total RNA was isolated from pancreatic cancer cells and HPNE cells by Trizol reagent (Life Technologies, Carlsbad, CA, USA) based on the manufacturer’s instruction. After quality validation, iScript cDNA Synthesis Kit (Bio-Rad, Hercules, CA, USA) was used to perform reverse transcription. Total cDNA was further used for qRT-PCR with the TaqMan Gene Expression Assay (Thermo Fisher Scientific, Rockford, IL, USA). The expression of GAPDH was used as an internal control to calibrate the original mRNA expression level. The m5C-related lncRNA expression was calculated via the 2-ΔΔCT method. All primer sequences used in this research are listed in Supplementary Table 1.



Identification Tumor-Infiltrating Immune Cells

CIBERSORT is a typical tool to deconvolute the expression matrix of immune cells based on linear support vector regression, which quantified the infiltrating immune cells proportion via detecting marker gene expression. In our study, we combined the expression of marker genes from 22 types of immune cells and all the PDAC patients’ transcriptome data to acquire the tumor-infiltrating lymph cell distribution scores via CIBERSORT. ESTIMATE R package could use gene expression profile to predict stromal cell and immune cell scores, and then calculate the amount of these two types of cells, which was performed to analyze the pancreatic cancer purity in this research.



Statistical Analysis

The data flow chart is shown in Supplementary Table 2. The m5C-related lncRNAs with correlation index > 0.3 and p < 0.05 were regarded as statistically significant. Univariate and multivariate Cox regression analyses were performed to identify the m5C-related lncRNA risk score as an independent prognostic factor for PDAC. The Kaplan–Meier method was performed to compare OS time of PDAC patients. ROC analysis was expended to measure the prognostic competence between the prognostic risk scores and other clinical parameters. The qRT-PCR experiments were analyzed by PRISM 7. The relationship between the m5C-related lncRNA risk score and tumor-infiltrating lymph cell distribution was analyzed by CIBERSORT and ESTIMATE R package.




Results


Identification of m5C Regulator-Related LncRNAs in PDAC Patients

Initially, we screened the m5C methylation modification-related genes based on the published articles. A total of 13 m5C regulators were selected, namely, YBX1, ALYREF, DNMT1, NSUN4, TRDMT1, TET2, NSUN7, NSUN6, NSUN5, NSUN3, NSUN2, DNMT3a, and DNMT3b. We summarized the m5C regulator genes and then compared the expression of m5C regulator genes in 179 normal pancreas tissues and 171 pancreatic cancer tissues using online data base GEPIA (http://gepia.cancer-pku.cn/). We found that among the m5C regulators, the expression of YBX1, ALYREF, DNMT1, and NSUN4 was obviously higher in PDAC patient’s tissues (p < 0.05), whereas no notable variances were detected in TRDMT1, TET2, NSUN7, NSUN6, NSUN5, NSUN3, NSUN2, DNMT3a, and DNMT3b (Supplementary Figure 1). Moreover, the m5C-related lncRNAs were recognized by correlation analysis depending on the expression of m5C regulators and lncRNAs in a total of 177 PDAC samples. Use correlation coefficient > 0.3 and p-value > 0.05 as filter criterion; finally, 242 m5C-related lncRNAs were screened. We also constructed a network between m5C-related genes and their co-expressing lncRNAs to show m5C-related lncRNA co-expressing relationship (Figure 1A). Based on the screened m5C-related lncRNAs, we use univariate Cox analysis (p < 0.001) to further filter the prognostic m5C-related lncRNA in PDAC patients combined with the patient survival data. The results indicated that a total of 17 PDAC prognostic lncRNAs were screened, and most of the m5C-related lncRNAs were protective factors (hazard ratio, HR < 1), only CASC8 was a risk factor (HR > 1) in PDAC. In addition, the Circos picture showed that the protective m5C-related lncRNAs had positive expression correlation and risk factor CASC8 was negatively correlated with others (Figures 1B, C). Furthermore, we tried to clarify the expression of the screened prognostic m5C-related lncRNAs in PDAC patients depending on the TCGA database. The heatmap revealed that all the lncRNAs had statistical differences between the normal and tumor pancreatic tissues, which indicated that the m5C-related lncRNAs might play a key role in PDAC progression (Figures 1D, E).




Figure 1 | Identification of m5C regulator-related lncRNAs with prognostic value in PDAC patients. (A) Co-expression relationship between m5C-related lncRNAs and m5C regulators. (B) Circos figure exhibited the expression correlation between the m5C-related lncRNAs with prognostic value (red line represents positive relationship and the green line represents negative relationship). (C) Forest plot showed the prognostic risk value of the 17 screened m5C-related lncRNAs via univariate Cox regression analysis. (D, E) Heatmap and scatter diagram indicated the different expression of m5C-related lncRNAs in normal and tumor tissues. *p < 0.05, **p < 0.01.





Establishing an 8 m5C-Related LncRNA Risk Model for PDAC Patients

Depending on the primary screen of the m5C-related lncRNAs, the LASSO regression technique was further performed randomly to construct a prognostic risk model for PDAC, which showed that eight m5C-related lncRNAs were appropriate for building the prognostic risk model (Figures 2A, B and Table 1). The risk score was calculated as follows: risk score = (-0.780839063578865 * AC022098.1. expression) + (-0.220638925265728 * AL031775.1 expression) + (-0.0579614996945241 * AC005332.6 expression) + (-0.367271578600146 * AC096733.3 expression) + (-0.0490022123517058 * AC025165.1 expression) + (0.0600252490282948 * CASC8 expression) + (-0.528438814531151 * AC009974.1 expression) + (-0.113641932851614 * PAN3-AS1 expression). The Sankey diagram indicated the relationship between the 6 m5C regulators mRNAs and 8 screened lncRNAs, of which CASC8 belonged to risk factors and the others were protective factors (Figure 2C). Furthermore, all the PDAC patients were divided into low- or high-risk groups based on the median risk scores calculated by the above formula. The principal component analysis (PCA) and three-dimensional PCA showed that patients with different risks were well separated into two clusters (Figures 2D, E). Patients in the high-risk group had significantly shorter survival time than the patients in the low-risk group. A distinguished difference in OS time was detected between the low- and high-risk groups via Kaplan–Meier survival analysis (HR = 2.47, 95% CI: 1.64–3.73, p < 0.001, Figure 2F).




Figure 2 | Constructed a m5C-related lncRNA risk model in the PDAC cohort. (A) LASSO regression of the 17 m5C-related lncRNAs. (B) Cross-validation for optimizing the parameter in LASSO regression. (C) The Sankey diagram displayed the relationship between the 6 m5C regulators mRNA expression and the 8 m5C-related lncRNAs. (D, E) PCA and three-dimensional PCA analysis derived from the m5C-related lncRNAs indicated that the patients were divided into two significantly high- or low-risk distribution patterns. (F) KM curve shows that patients in the m5C-related lncRNA low-risk group survived dramatically longer than those in the high-risk group.




Table 1 | The 8 m5C-related lncRNA risk model parameters.





Relationships Between m5C-Related LncRNAs and Clinical Pathological Parameters

We further detected the impact of the selected eight lncRNAs on PDAC patients’ overall survival time, respectively. The OS curve of the m5C-related lncRNAs showed that patients with risk lncRNA high expression (CASC8) had shorter survival time, whereas those with protective lncRNA high expression (AC022098.1, AL031775.1, AC005332.6, AC096733.3, AC025165.1, AC009974.1, and PAN3-AS1) had longer survival time (Figure 3A). According to the heatmap, the pancreatic tumor size was significantly different between the high- and low-risk groups (p < 0.05). Nevertheless, the other clinical factors including patient age, gender, tumor stage, and grade had no statistical differences (Figure 3B). Moreover, we further subdivide these clinical indicators severally and analyzed the risk scores in the subgroups. The KM survival curve showed that the patients with high-risk scores had a shorter OS in male patients’ group, younger patients (age less than 65 years), Stage I–II groups, Grade I–II or Grade III–IV groups, T I–II or T III–IV groups, N0 or N I–III groups, and patients without any metastasis group (Figure 3C and Supplementary Figure 2).




Figure 3 | Relationships between m5C-related lncRNAs and clinical pathological parameters. (A) Eight survival curves based on the m5C-related lncRNAs expression. (B) Heatmap displayed the clinical characteristics and differences in the high- and low-risk group calculated by m5C-related lncRNA risk scores. (C) Survival analysis in subgroups including gender, age and tumor stages.





The m5C-Related LncRNA Risk Score Was an Independent Prognostic Factor for PDAC

We ordered the patients based on the risk scores. Heatmap revealed that the expression of 8 m5C-related lncRNAs were considerably different in the PDAC patients with different risk scores. Furthermore, the scatter dot plot also unveiled that the mortality of the PDAC patients increased with the risk scores, and patients with lower risk scores exhibited longer survival time (Figure 4A). Next, we performed univariate and multivariable Cox regression analyses to validate if the risk score calculated by the m5C-related lncRNA risk model could work as an independent prognostic factor for PDAC patients. As shown in Figure 4B, univariate Cox regression analysis demonstrated that only the m5C-related lncRNA risk scores were obviously positively related with OS (HR: 197.088, 95% CI: 10.283–3777.290, p < 0.001). Multivariate analysis also revealed that m5C-related lncRNAs prognostic risk score (HR: 116.786, 95% CI: 3.668–3718.415, p = 0.007) had a significant relationship with PDAC patients’ OS and could act as an independent prognostic factor (Figure 4C). Our results suggested that the m5C-related lncRNA risk model was an independent prognostic factor for PDAC and took advantage of the traditional clinicopathological indicators including patient age, gender, and tumor stage. Moreover, the 1-year ROC curve proved that the AUC value for the m5C-related lncRNA risk model was 0.716, which was better than the traditional clinical factors such as age (AUC = 0.554), gender (AUC = 0.588), grade (AUC = 0.614), AJCC stage (AUC = 0.447), T stage (AUC = 0.447), N stage (AUC = 0.512), and M stage (AUC = 0.467) (Figure 4D). In addition, the 3-year ROC curve analysis also suggested that the risk score AUC value (AUC = 0.639) was a superior prognostic factor for PDAC patients (Figure 4E).




Figure 4 | Valuation of the m5C-related lncRNA risk model as an independent prognostic factor for PDAC. (A) Heatmap showed the differential expression of the 8 m5C-related lncRNAs in the high- or low-risk group. Scatter plot displayed risk score distribution of high-risk and low-risk PDAC patients based on the m5C-related lncRNA risk model and the relationship between survival time and PDAC patients risk score. (B) Univariate Cox regression analysis revealed the association between patients’ survival and clinicopathological parameters along with m5C-related lncRNA risk score. (C) Multivariate Cox regression analysis uncovered that only the risk score (p = 0.009) was an independent prognostic factor for PDAC patients. (D, E) The 1-year (D) and 3-year (E) ROC analysis revealed the AUCs of m5C-related lncRNA risk score and other clinical characteristics.





Exanimating the Prediction Value of the m5C-Related LncRNA Risk Model

In order to predict the PDAC patient overall survival accurately, a nomogram was constructed to reveal the 1-, 3-, and 5-year survival rates based on the m5C-related lncRNAs expression risk scores together with clinicopathologic features (including age, gender, grade, T stage, M stage, and N stage) (Figure 5A). In addition, we used a calibration curve to compare the consistency of the actual and the predicted 1-, 1.5-, 2-, and 3-year patient survival. We found that the actual and the predicted line were almost in accordance within 3 years (Figure 5B). The above results proved that the nomogram we generated via m5C-related lncRNA prognostic risk scores was dependable. In addition, we randomly divided all the PDAC patients from TCGA into two subgroups (group A and B) in a 1:1 ratio and performed an internal validation for the m5C-related lncRNA risk model. The KM survival curve and 5-year ROC curve were examined in each subgroup. Our results showed that the patients with higher m5C-related lncRNA risk scores had shorter OS in group A (HR: 2.05, 95% CI: 1.13–3.71, p = 0.019) and the AUC value of the 5-year ROC curve was 0.814 (Figures 5C, D). The patients in group B had a similar OS trend (HR: 2.56, 95% CI: 1.44–4.56, p = 0.001) and the AUC value was 0.903 (Figures 5E, F). Moreover, the scatter dot plot also revealed an obvious difference expression of the screened lncRNAs in high- or low-risk groups, and the patient survival time was positively related with the risk scores in all the subgroups (Supplementary Figure 3). The above results demonstrated that the m5C-related lncRNA risk model was a reliable predictive factor for the PDAC patient.




Figure 5 | Detecting the prediction value of the m5C-related lncRNA risk model. (A) The prediction of 1-, 3-, and 5-year survival for PDAC patients based on the prognostic nomogram derived from the m5C-related lncRNA risk score and other clinicopathologic feature. (B) Calibration curves illustrated the consistency between predicted and observed 1-, 1.5-, 2-, and 3-year survival rates in PDAC patients depending on the prognostic nomogram. (C–F) Overall survival and ROC analysis in subgroups (C, D: Group A; E, F: Group B).





Detecting LnRNA Expression In Vitro and Functional Enrichment Analysis

The m5C-related lncRNA expression profiles from the TCGA database indicated that AC022098.1, AL031775.1, AC005332.6, AC096733.3, AC025165.1, AC009974.1, and PAN3-AS1 were downregulated, and the CASC8 was overexpressed in PDAC. In order to examine the lncRNAs’ expression level in vitro, three pancreatic cancer cell lines and a normal pancreatic duct cell line were used to perform the qRT-PCR experiments. The in vitro results were not completely consistent with the data from TCGA (Figure 6A). We found that CASC8 was upregulated in pancreatic cancer cells (Mia-PaCa-2, CFPAC-1, and Panc-1 cells) and AC096733.3 was in low expression compared with HPNE cells, which were with the same expression profile with TCGA data. AC096733.3, AC025165.1, PAN3-AS1, and AC009974.1 were downregulated in at least two cancer cell lines and may play as tumor suppressor genes in PDAC. The above results were partly consistent with the patients’ OS analysis data from TCGA. However, AC022098.1 and AC005332.6 were suppressed in Mia-PaCa-2 and overexpressed in CFPAC-1, and their expression was inconsistent in different cells. In addition, AL031775.1 was only downregulated in Panc-1 cells. Hence, the underlying mechanisms that m5C-related lncRNAs regulating PDAC patient OS time still needs to be further explored. To seek the signal pathways that m5C-related lncRNAs might involve in the low- or high-risk groups, GSEA was performed. We found that the MTORC1 signaling pathway was activated in the high-risk group; nevertheless, MYOGENESIS and KRAS signaling pathways were activated in the low-risk group (Figures 6B, C). Furthermore, we summarized differential genes in the low- or high-risk groups to conduct GO and KEGG enrichment analysis. The top five GO enrichment biological processes were T-cell activation, Calcium ion homeostasis, Hormone transport, Modulation of chemical synaptic transmission, and Regulation of trans-synaptic signaling pathway (Figures 6D–F). Additionally, KEGG analysis revealed that several immune-related pathways were enriched such as Primary immunodeficiency, T-cell receptor signaling pathway, Leukocyte transendothelial migration, and Th1/Th2 cell differentiation (Figures 6G, H).




Figure 6 | Validating the expression level of the m5C related lncRNAs in vitro and functional enrichment analysis. (A) qRT-PCR experiments were performed to detect the expression of the 8 m5C related lncRNAs in HPNE cells and three pancreatic cancer cells respectively. (B, C) GSEA results showed significant enrichment signaling pathways in the high-and low-risk groups. (D–F) GO analysis was performed to detect biological processes that involved in the high-or low-risk groups. (G, H) KEGG pathway analysis results indicated the enriched signaling pathways associated with the m5C related lncRNAs risk scores. ns, not significant, *P < 0.05, **P < 0.01, ***P < 0.001.





The Relationship Between m5C-Related LncRNAs and Tumor-Infiltrating Lymph Cells

We analyzed the differences of tumor microenvironment in the high- or low-risk groups. By using CIBERSORT tool with values of p < 0.05, a total of 22 tumor-infiltrating immune cells were screened (Figure 7A). The results demonstrated that naïve B cells, CD8+T cells, regulatory T (Treg) cells, and resting NK cells exhibited a higher expression in the low-risk group (p < 0.05), whereas the M0 and M2 phenotype macrophages had a higher expression in the high-risk group. M2 phenotype macrophage has been proven as a co-carcinogenic factor in pancreatic cancer. Hence, m5C-related lncRNAs may promote M2 phenotype macrophage polarization or infiltration in PDAC. Additionally, we further detected the relationship between m5C-related lncRNAs and immune-related genes (LMTK3, LAG3, CD27, CD28, CD86, and BTLA), which indicated that most of the lncRNAs had statistical correlation with immune-related genes except AC025165.1 (p < 0.05) (Figure 7B). Gene expression analysis also showed that expression of the above immune-related genes are different in low- or high-risk groups (Figure 7C). Moreover, tumor microenvironment scores were performed to analyze the stromal and immune cell proportion in the tumor environment via ESTIMATE R package. We obviously found that the PDAC tissues with low m5C-related lncRNA risk scores had higher immune scores, stromal scores, and overall ESTIMATE scores, which indicated that the PDAC in the low-risk group had lower pancreatic tumor proportion (Figure 7D). Lastly, we also investigated the association between the m5C-related lncRNA risk score and tumor lymph cells. Spearman’s correlation analysis revealed that the risk score was positively related with 3 tumor-infiltrating lymph cells (NK cells, M0, and M2 phenotype macrophages), but was negatively correlated with regulatory T cells, CD8+T cells, activated memory CD4+T cells, naïve B cells, and plasma cells (p < 0.05) (Figure 7E). These outcomes revealed that the m5C-related risk scores could discriminate the different features of tumor-infiltrating lymph cells in PDAC.




Figure 7 | The relationship between m5C-related lncRNAs and tumor-infiltrating lymph cells. (A) Violet plot showed the 22 tumor-infiltrating lymph cells distribution in PDAC patients with different m5C-related lncRNA risk scores. (B) The connection between the immune associated genes and the selected m5C-related lncRNAs. (C) Scatter diagram revealed the expression of immune-related genes in low- or high-risk groups, respectively. (D) Box plots indicated the proportion of stromal and immune cells in PDAC tissues via ESTIMATE R package method. (E) Correlation between the lymph cells and m5C-related lncRNA risk scores. *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

Pancreatic cancer is an extremely malignant cancer, and its incidence is close to mortality rate. In recent years, although comprehensive treatments based on surgery have made some progress in the treatment of PDAC patients, the diagnosis and prognosis of PDAC are still unsatisfactory, and the survival rate is still less than 10%. Early diagnosis is the key to the treatment of pancreatic cancer (23). However, the etiology of pancreatic cancer is still unclear and there is a lack of effective biomarkers for early diagnosis. Therefore, it is urgent to explore the genetic or epigenetic factors of the occurrence and development of pancreatic cancer to identify new therapeutic targets or biomarkers.

RNA methylation is one of the most important epigenetic modification in RNA post-transcriptional regulation and has been a research frontier and hotspot recently. RNA methylation includes several types such as m6A, m1A, m5C, m7G, and Nm, among which RNA m5C methylation refers to the modification of the fifth cytosine of RNA by methylation (24–26). At present, relevant studies have shown that RNA m5C methylation widely existed in cells and played an important role in various physiological and pathological processes (27–29). In this study, we downloaded 177 PDAC patients’ gene expression profiles from the TCGA database and constructed an 8-m5C-related lncRNA risk model. As far as we know, this is the first prognostic analysis of the m5C regulator-related lncRNAs in PDAC.

Long non-coding RNAs are more than 200 nucleotides, which were initially considered as “junk sequence” without specific biological functions. However, recent reports have proved that lncRNAs were widely expressed in human cells and closely related to the occurrence and development of tumors, which suggested that lncRNAs may be potential prognostic markers and therapeutic targets for malignant tumors (30). In addition, lncRNAs could regulate tumor growth in several ways including in situ regulation and molecular sink, combining with protein and molecular scaffold. Among them, the most essential way was regulating related gene expression (31, 32). Hence, we focused on the lncRNAs that had co-expression relationship with m5C regulators in PDAC and used bioinformatic and statistical methods to generate a prognostic risk model for PDAC.

In our research, we compared the expression of 13 m5C regulator genes in pancreatic cancer and normal tissues via the GEPIA online tool and identified a total of 242 m5C-related lncRNAs depending on the co-expression relationship. Furthermore, we analyzed the PDAC patients’ clinical information together with gene transcriptome data downloaded from TCGA. Finally, 17 prognostic m5C-related lncRNAs were detected and all the prognostic m5C-related lncRNA expression was significantly different between pancreas normal and tumor tissues. In addition, LASSO regression was performed, and we constructed an 8-m5C-related lncRNA risk model and separated all the 177 PDAC patients into high- and low-risk groups based on the risk scores. The PCA and patients’ overall survival analysis confirmed that the 8-m5C-related lncRNA risk model could predict PDAC patient prognosis effectively. Typically, clinicians would make a rough judgment on PDAC patients’ long-term survival based on clinical indicators such as general patient profile, pancreatic tumor size, invasion of peripheral blood vessels and nerves, presence of metastasis, and tumor pathological type. However, with advances in cancer gene research technology, scientists began to pay more attention to the changes in gene expression levels during tumor progression (33, 34). In our work, univariate and multivariate Cox regression analysis indicated that the risk scores depending on the m5C-related lncRNAs expression were the independent risk factor for PDAC and better than traditional indexes including age, tumor grade, and stage on predicting patient survival rate. The currently constructed PDAC prognostic risk model mainly focused on a single molecular biomarker. However, only one biomarker could not work as a precise tumor biomarker in clinical diagnosis such as the typical PDAC biomarker CA19-9 that was not aberrant in every PDAC patient. It has been reported that lncRNAs could be released in serum, saliva, and urine (35). Hence, it has the potential to be a stable biomarker in human blood or other body fluid. A lot of studies have demonstrated that lncRNAs could work as a new type of biomarker in several malignant tumors including hepatocellular carcinoma, breast cancer, lung cancer, and pancreatic cancer (36). Nevertheless, our research was the first study to report an 8-prognostic m5C-related lncRNA risk model and validated that the prognostic risk model could predict PDAC patients’ OS accurately. In our research, 8 m5C-related lncRNAs were carefully chosen via a bioinformatic method, 7 of which have never been previously studied in PDAC (AC022098.1, AL031775.1, AC005332.6, AC096733.3, AC025165.1, AC009974.1, and PAN3-AS1). Only the CASC8 has been reported in the multiple malignant tumor such as colorectal cancer, lung cancer, and hepatocellular carcinoma (37–39). We checked the above lncRNA expression in the human pancreatic ductal cell line and three pancreatic cancer cell lines. The results showed that CASC8 was overexpressed in all pancreatic cancer lines, which indicated that CACS8 may also play a key role in promoting pancreatic cancer progression.

Recent research showed that m5C-related genes could regulate tumor immune microenvironment in breast cancer (40). LncRNAs are also known to be involved in regulating tumor-infiltrating lymph cells in malignant tumors (41).

In our study, we carefully evaluated the relationship between m5C-related lncRNAs and PDAC-infiltrating immune cells. Our results exhibited that the distribution of tumor-infiltrating immune cells in PDAC were different in high- or low-risk groups. The immune scores and stromal scores of the high-risk group were also lower than the low-risk group. We found that naïve B cells, CD8+T cells, Treg cells, and resting NK cells had a higher expression level in the low-risk group. CD8+T cells, Treg cells, and NK cells were considered as tumor suppressors in malignant tumors. In pancreatic cancer, the depletion of Treg cells made the abnormal distribution of fibroblast, which could recruit myeloid cells and restore the immune suppression environment via secreting multiple cell chemokine including CCL3, CCL6, and CCL8 (42). In addition, the M0 and M2 phenotype macrophages had a higher expression level in the high-risk group. Based on the previous study, M2 phenotype macrophage has been proven as a co-carcinogenic factor in pancreatic cancer (43). Therefore, m5C-related lncRNAs may regulate pancreatic cancer progression via promoting M2 phenotype macrophage polarization or infiltration in PDAC. As we know, there were no published reports about detecting the potential function of m5C-related lncRNAs in regulating the distribution of tumor-infiltrating lymph cells in PDAC at present.

However, there are still some limitations in our study. For example, all the PDAC patients’ transcriptome expression data and clinical information were downloaded and analyzed from the TCGA database or GEPIA online database. We only evaluated the m5C-related lncRNA risk model via internal validation, lacking external database validation. Nevertheless, we tried to download the PDAC patients’ information from ICGC (International Cancer Genome Consortium) or GEO database, but the corresponding risk scores could not be calculated due to the lack of expression data of the selected m5C-related lncRNAs in these databases. In addition, we only detected the screened m5C-related lncRNA expression in vitro, and the in vivo experiments and PDAC patients’ tumor tissue validation should still be performed in the future to make the prediction results more reliable. Moreover, the nomogram we constructed only calibrated within 3 years, because of the small number of PDAC patients and the lack of T1 stage patients, which suggested that our findings need further validation in larger PDAC patient follow-up cohorts. Additionally, there was a lack of molecular mechanism research in our study. Identifying which m5C-related lncRNAs could regulate pancreatic cancer survival is just the beginning. We will explore the specific mechanism of the screened lncRNAs that affected PDAC progression in our next work.



Conclusion

We constructed an 8-m5C-related lncRNA prognostic risk model for PDAC patients based on the transcriptome expression and clinical data from TCGA. The m5C-related lncRNA risk model was proved to have an independent prognostic value and provided an accurate survival prediction for PDAC patients. In addition, our research also offered us a better understanding of the regulation of tumor-infiltrating lymph cells in PDAC. In brief, the m5C-related lncRNA risk model may provide us the potential biomarkers or treatment targets for PDAC.
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Hepatocellular carcinoma (HCC) is the third leading cause of cancer-related deaths worldwide and is increasing in incidence. Local ablative therapy plays a leading role in HCC treatment. Radiofrequency (RFA) is one of the first-line therapies for early local ablation. Other local ablation techniques (e.g., microwave ablation, cryoablation, irreversible electroporation, phototherapy.) have been extensively explored in clinical trials or cell/animal studies but have not yet been established as a standard treatment or applied clinically. On the one hand, single treatment may not meet the needs. On the other hand, ablative therapy can stimulate local and systemic immune effects. The combination strategy of immunotherapy and ablation is reasonable. In this review, we briefly summarized the current status and progress of ablation and immunotherapy for HCC. The immune effects of local ablation and the strategies of combination therapy, especially synergistic strategies based on biomedical materials, were discussed. This review is hoped to provide references for future researches on ablative immunotherapy to arrive to a promising new era of HCC treatment.
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Introduction

Primary liver cancer is one of the most common malignant tumors in the digestive system and the third leading cause of cancer-related deaths (1). Hepatocellular carcinoma (HCC), which comprises ~90% of cases, is the most common type of primary liver cancer. The management of HCC lies on the Barcelona Clinic Liver Cancer (BCLC) staging system. Most clinical practices guidelines recommend resection, thermal ablation and transplantation for patients with early HCC (BCLC 0, A), whereas transarterial chemoembolization (TACE) and systemic therapies are preferred for patients with intermediate (BCLC B) and advanced (BCLC C) HCCs, respectively (2–5). Surgical resection and transplantation could offer the best chance for a cure in early HCC, but not all patients with early-stage HCC, especially those with cirrhosis, benefit from these treatments. Liver function and portal hypertension are the fatal selection criteria of resection, because 80%-90% HCCs develop from cirrhosis (6). Moreover, the recurrence rate after HCC resection reaches as high as 68% (7). Scientists and surgeons have exerted much effort into the removal of tumors (8). However, this task is still an insurmountable mountain, because HCC cannot be considered a local disease even in the early stage. The outcomes of liver transplantation are superior to that of hepatic resection. However, organ shortage, long waiting time, and high cost are deterred, except for the strict transplantation indication. Locoregional ablative therapy including radiofrequency ablation (RFA) and microwave ablation (MWA), is a potentially curative strategy for early HCC, coming into sight. The advent of the genomic era, as well as the increase in the understanding of the role of immunity in HCC progression, support targeted therapy and immunotherapy. The combination of ablative therapy and immunotherapy has been a subject of recent clinical and basic researches. Herein, we summarized ablative therapy and immunotherapy for HCC, discussed their synergistic anti-tumor effects, and envisaged the current trends and future prospects of their combination.



Ablation Therapy

Thermal ablation, demonstrates similar outcomes as hepatic resection in early HCC (tumors size < 2–3 cm) (9, 10). Other ablation therapies, such as cryoablation, have not established a standard clinic procedure and are therefore less used. In recent years, photodynamic therapy (PDT), photothermal therapy (PTT), magnetic hyperthermia therapy (MHT), and irreversible electroporation (IRE) have shown potential applications in HCC with the prevalence of biomaterials in medicine. The major mechanism of ablative therapies is to induce irreversible thermal (i.e., RFA, MWA, and PTT) or non-thermal tumor destruction (i.e., IRE and PDT) via electromagnetic or light energy. This section gives a brief retrospect of traditional ablative therapies for HCC, as well as novel ablative techniques (Figure 1), and discusses their immunological effects.




Figure 1 | Overview of ablative techniques for HCC. Ablative strategy has occupied an important position among HCC therapies, based on thermal or non-thermal tumor destruction. RFA, the most common ablation technique applied for patients with HCC, has been developed as a standard treatment, while other ablative techniques have been explored in clinical or preclinical researches.




Clinical Applications

RFA, a standard ablative and first-line therapy for small-sized HCC, is more cost-effective than hepatic resection (10). RFA can achieve tumor necrosis at 375–480 kHz and > 60°C (11). However, traditional monopolar RFA is limited in tumors less than 2–3 cm or near vessels due to heat sink effect, which is also related to recurrence (12). Novel techniques are developed to improve ablation efficacy. No-touch multibipolar RFA can be used to tumors up to 5 cm with similar disease-free survival (DFS) and overall survival (OS) rates compared with resection (13). However, insufficient RFA (iRFA) is one of the major reasons for recurrence after RFA. iRFA could lead to HCC with a more aggressive phenotype, drug resistance and worse prognosis (Table 1). The ablative margin assessed by computed tomography (CT) after RFA can be an important predictor of local tumor progression (LTP) and overall recurrence. A study indicated that insufficient ablative margin (<5 mm) was associated with higher rates of LTP and overall recurrence in HCC, but the sensitivity values were only 36.4% and 46.2%, respectively (26). iRFA could promote the proliferation, migration, invasion, epithelial-mesenchymal transition (EMT), and angiogenesis of residual tumors through the transcriptional and epigenetic regulation. Some signaling pathways associated with tumor growth and progression, such as the Akt signaling pathway involved in cellular proliferation, survival and angiogenesis are activated after iRFA (20, 22, 24, 25).


Table 1 | Mechanisms of phenotype changes after iRFA.



Several strategies have been used to counter iRFA. One of which is to improve the accuracy of imaging guidance for the specific identification of tumor boundaries, especially with the application of nanotechnology. Jiang and colleagues developed a nanobubble conjugated with colony-stimulating factor 1 receptor (CSF-1R), called NBCSF-1R, for HCC margin detection (27). NBCSF-1R provided a non-invasive effective ultrasound imaging capabilities for evaluating therapy response of RFA through the high specificity targeting of CSF-1R-overexpressing macrophages and HCC tumor margin. Another strategy is the combination therapy for salvage. For instance, sorafenib and IFN-α combined with herbal compound inhibited the EMT of HCC cells after iRFA (28, 29); bevacizumab inhibited the tumor growth and angiogenesis induced by iRFA (30); and CTLA-4 blockade suppressed the growth of residual tumors and improved survival in a subcutaneous murine HCC model (31). Other agents include metformin (32) and hydroxychloroquine (HCQ) (33). However, one study demonstrated that ATPase inhibitory factor 1 (IF1) increased HCC cells’ resistance to sorafenib after iRFA (16). These results indicated that the application of systemic therapy or immunotherapy could cope with the adverse impacts of iRFA but the choice of agents could be limited by iRFA-induced resistance.

MWA could provide higher temperature with expanded ablation zone and shorter ablation time because of its higher frequency (900–2,450 MHz) (11). A recent study showed that MWA provided more excellent tumor control than RFA for patients with perivascular HCC (34, 35). In addition, a meta-analysis of randomized-controlled trials demonstrated that MWA seemed to benefit disease-free survivals at 5 years compared with RFA (36). New microwave thermosphere ablation (MTA) may provide a safer and more effective ablation with shorter time than RFA with the developments of novel MWA systems (37).

Cryoablation is also a thermal technique that could be more effective and safer for tumors not suitable for RFA or MWA, such as perivascular HCC. The goal of cryoablation is to destroy tumor tissue by alternating freezing and thawing on the basis of the Joule-Thomson effect, which benefits low risk vascular complications (38). Moreover, a multicenter randomized controlled trial demonstrated that cryoablation achieved lower local tumor progression than RFA with similar OS and DFS rates (39). IRE is a non-thermal ablative technique that mediates cell damage by changing cell permeability and cellular homeostasis, which lead to cell death (40). Although IRE is a relatively new technique and few clinical studies have been conducted, its safety and efficacy have been proven (41, 42). Similar to cryoablation, one of advantages of IRE is that this technique can be used for tumors not suitable for RFA or MWA, such as perivascular HCC (43).

In a word, ablation take an indispensable place in the clinical treatment of HCC. A series of new techniques have been developed to improve the ablation efficacy and zone to benefit more patients. However, these technologies are image-guided, and their efficacy is closely related to the skills of operators to some extent. This factor is a major barrier to application and an interfering factor that is difficult to eliminate in comparative studies.



Emerging Ablative Strategies

Phototherapy (e.g., PDT and PTT) is an emerging and prospective cancer therapeutic strategy. Phototherapy kills cancer cells through photochemical or photophysical effects to achieve therapeutic effects. Various photosensitizers (PSs), such as porphyrin-based PDT (44), 5-aminolaevulinic acid-PDT (45) and Radachlorin-PDT (46), could be applied for HCC. However, several factors need to be improved before these methods could be clinically used. First, light (laser) is one of the most indispensable elements in PDT and PTT, on which the therapeutic effect mostly depends. PSs and photothermal agents can be activated only when the light wavelength is in a specific range, known as therapeutic window. Moreover, light wavelength also determines the depth of tissue penetration, which limits percutaneous application of phototherapy to tumors in abdominal parenchymal organs, especially in deep parts. The rapid development of endoscopic techniques and biomedical materials gave rise to strategies to overcome the depth dependence. For example, Li et al. reported laparoscopic-assisted photothermal ablation method based on superparamagnetic iron oxide (SPIO) and new indocyanine green (ICG), called IR820@PEG-SPIO (47). More surprisingly, IR820@PEG-SPIO completely ablated orthotopic liver cancer in nude mice model, as well as detect early-stage HCC (diameter < 2 mm) via fluorescence, photoacoustic and magnetic resonance (MR) imaging. Compared with visible light, near infrared (NIR) light and X-Ray can provide deeper penetration (48–51). Besides, MHT, an alternative strategy, has been proposed to further overcome the limitation of penetration depth. Qian and colleagues developed a ferrimagnetic silk fibroin hydrogel (FSH) and demonstrated that FSH-mediated MHT, without depth limitation, could be more suitable for treating liver tumors compared with traditional PTT (52).

Nanoplatforms have stood out because they have improved therapeutic effects and reduced adverse effects, provide precise operation with optimized imaging guidance, and combine therapeutic strategies for synergistic anti-tumor effects. Zhu et al. designed a nanoparticle (ZnPc/SFB@BSA) that combined PDT, PTT and sorafenib with increased efficacy and decreased side effects of sorafenib (53). Jin and colleagues reported another nanoparticle loaded with sorafenib/indocyanine for PDT/PTT/chemotherapy, which could provide synergistic effects against HCC (54). Liu’s group has been devoted to designing different nanoplatforms for combined phototherapy/chemotherapy by aptamer (TLS11a) modification to enhance HCC-specific targeting (55–57). Nanoplatforms may provide more detailed and comprehensive information about tumor size, anatomical structure, and location and realize precise theranostic guidance by applying dual- or multimodal images that integrate optical and traditional medical images (e.g., CT and MR images). For instance, Qi et al. synthesized a NIR-II photoacoustic (PA) CT imaging-guided nanoagent for HCC theranostic strategy, called Pt@PDA-c (58). Pt@PDA-c had deep tissue penetration and high resolution, which provided accurate location of deep (~4 mm intraabdominal depth) and small (diameter < 5 mm) HCC lesions. Moreover, Pt@PDA-c-mediated PTT could eliminated HCC without recurrence under the guidance of real-time PACT.



Immunological Effects of Ablation

Ablation has long been considered a local treatment. However, growing evidence shows that ablation does more than physically eliminating tumors; it can also play a considerable role in distant lesions through immune effects, also known as abscopal effect. Changes in circulating immune cells/factors and tumor immune microenvironments have been explored by analyzing peripheral blood and tumor models. In 2005, Michael Geissler and colleagues found that local tumor ablation (percutaneous ethanol injection [PEI]/RFA) increased HCC immunogenicity in patients thus to promote endogenous adjuvants release and dendritic cell (DC) activation (59). Besides, RFA induced systemic immune variation in innate immune cells (including natural killer (NK) cells and plasmacytoid DCs) and adaptive immune cells (including tumor-specific T cells, antigen-presenting cells [APCs] and CD8 central memory T cells) (60–62). De novo or enhanced tumor-specific immune responses could be observed in patients with HCC after MWA (63). Wu and colleagues observed that neutrophil, monocyte and NK cell were increased to induce innate immune response and immunosuppressive lymphocyte was decreased in patients with HCC post-IRE (64). Moreover, their results indicated an ideal treatment window for immunotherapy (3–14 days post-IRE) to further control tumor recurrence and metastasis. Moreover, the expression of immune checkpoints (programmed cell death protein-1 [PD-1] and PD-1 cognate ligand [PD-L1]), which are associated with HCC tumor size, blood vessel invasion, and BCLC staging, can be downregulated by cryoablation but upregulated at recurrence (65).

The results observed in patients have also been further validated in various animal models. RFA increased CD8+ T cells, memory CD8+ T cells, and DCs and decreased regulatory T (Treg) cells in a unique murine model developed through a combination of intrasplenic inoculated oncogenic hepatocytes and carbon tetrachloride (66). Dai et al. reported that IRE could increase anti-tumor CD8+ T cells to prevent local tumor regrowth and distant metastasis and decrease immunosuppressive Treg and PD-1+ T cells in C57BL/6J mouse model bearing subcutaneous H22 hepatoma (67). Fong’s group demonstrated that IRE induced tumor antigens and facilitated granulocyte macrophage colony-stimulating factor plasmid transfer to achieve local and systemic anti-tumor responses in Yorkshire pig models (68, 69). Similarly, in other solid tumors, RFA can not only reduce the proportions of immunosuppressive cells (including Treg cells, tumor-associated macrophages and neutrophils), but increase the T cell infiltration as well as expression of the immune checkpoints (PD-1/PD-L1 and lymphocyte-activation gene 3 [LAG3]) in RFA-treated tumors and distant non-RFA tumors (70, 71). Moreover, serum and intra-tumoral cytokines, such as IFN-γ, IL-1α/β, IL-2/6/8/10, and TNFα/β, were also increased or activated (64, 72–75).

Increasing evidence have proved that ablation therapy could activate systemic anti-tumor immunological effects and inhibit immunosuppressive effects (Figure 2). However, RFA could also increase PD-1/PD-L1 expression, which was repressed by sunitinib with activation of immune response (66). This effect may facilitate checkpoint inhibitor therapy by constructing an immune-supportive microenvironment. Thus, combining ablation with immunotherapy is rational to achieve augmented and longer anti-tumor effects and prevent HCC progression with improved outcomes.




Figure 2 | Schematic representation of ablation-induced immunological effects on HCC. Ablation assists local and systemic antitumor responses by activating antitumor immunity and suppressing immunosuppressive effects. On the one hand, the activation of or increase in innate immune cells and cytokines that kill tumor cells achieves non-specific tumor killing. The activation of or increase in adoptive immune cells and the release of tumor-associated or tumor-specific antigens mediates specific anti-tumor immunity. However, these immune effects brought by local ablation are relatively weak and could not meet the requirement needed to sustain anti-tumor effects and prevent recurrence.






Immunotherapy

The 5-year recurrence rates of early HCC with operation or ablation are as high as 70% (6). A retrospective study found that 64 of 103 patients with early/intermediate HCC who received RFA experienced recurrence (76). In addition to the pathophysiological characteristics of the HCC, incomplete treatment response results in the high post-operative recurrence rate, which negatively affects long-term survival. In a meta-analysis reviewing the recurrence rate of HCC after RFA over a ten-year period, the size, number, and location of tumors are partly responsible for incomplete treatment response, limiting the application of RFA in the early 2000s (77). With the introduction of multiple treatment modalities, such as RFA + PEI/TACE, these limitations have been broken and post-recurrence rates have been significantly reduced. However, to complicate matters further, recurrent tumors may be more aggressive (23, 78–80). Thus, adjuvant systemic therapy is taken in consideration. Sorafenib, a multi-tyrosine kinase inhibitor (TKI), has considerably improved the survival of patients with advanced HCC, whereas chemotherapy does not (81). Other emerging TKI drugs, including lenvatinib, regorafenib, cabozantinib and donafenib have been proved to improve the survival benefit of patients with advanced HCC (82–86). However, sorafenib, as an adjuvant therapy for HCC after resection or ablation, did not improved recurrence-free survival (RFS) (82). Furthermore, a phase III STORM trial established a predictive 146-gene signature, which comprised some genes involved in immune-related processes; however, the tested biomarkers and reported prognostic gene signatures lacked value in predicting adjuvant sorafenib on RFS (87). Surprisingly, iodine (131I)-labeled metuximab, an immunotherapeutic agent, proved to benefit RFS of post-operative or post-ablative patients with HCC, in particularly those with CD147+ (88, 89).

The immune system plays a critical role in HCC, particularly in the HCC development and progression, as well as the treatment response or tolerance (Figure 3). Bruno et al. elaborated the HCC immune microenvironment (e.g., antigens, molecular features, and immune cells), and reviewed HCC immunotherapies including immune checkpoint inhibitor (ICI)-based therapies, as well as others based on adoptive cells and vaccines (90). This section will not dwell on the above; instead, it will give a brief retrospect of the application of immune modulators and the advances in novel immunomodulatory strategies.




Figure 3 | Key players in HCC immune microenvironment. In the HCC microenvironment, natural killer (NK) cells, dendritic cells (DCs) and effector T cells mainly play an anti-tumor immune role (red). Regulatory T (Treg) cells and myeloid-derived suppressor cells (MDSCs) promote tumor immune escape or drug resistance through immunosuppressive effects (green). In addition, tumor growth factor-β (TGF-β), interleukin-10 (IL-10) and other cytokines play an important role in tumor immunity. Immunotherapy enhances anti-tumor immunity or suppresses immunosuppression by targeting these critical cells and molecules. CTLA4, cytotoxic T lymphocyte-associated antigen 4; DC, dendritic cell; FasL, Fas ligand; HCC, hepatocellular carcinoma; IFN-γ, interferon-γ; IL-10, interleukin-10; MDSC, myeloid-derived suppressor cell; NK, natural killer; PD-1, programmed cell death protein-1; PDL-1, programmed cell death protein ligand -1; TGF-β, tumor growth factor-β; Treg, regulatory T; VEGF, vascular endothelial growth factor.



In short, the goal of immunomodulatory strategies is to activate anti-tumor immune response and/or suppress immune evasion. Immune checkpoints, the surface receptors expressed on immune system cells, include PD-1, PD-L1, cytotoxic T lymphocyte associated antigen 4 (CTLA4), LAG3, and T cell immunoglobulin and mucin domain containing-3 (TIM3) (91). Overexpressed PD-L1 in HCC cells can promote its binding with PD-1 on effector T cells, resulting in immune escape of tumor cells and apoptosis of T cells, which is conducive to the growth and progression of HCC (92). Overexpression of CTLA4 and TIM3 in Treg cells and overexpression of LAG3 and TIM3 in tumor infiltrating T lymphocytes can prevent the activation of effector T cells, also resulting in immune escape of tumor cells (90). The immune checkpoint is one of the immunosuppressive mechanisms that can help HCC immune escape by binding to corresponding ligands in HCC, which is also the rationale for the therapeutic application of ICIs. Recent clinical trials suggested that ICIs, whether alone or in combination with other agents, had a positive effect in HCC. Nivolumab (anti-PD-1), atezolizumab (anti-PD-L1), and tremelimumab (anti- CTLA4), have been proved to be safe and have effective anti-tumor responses for treating HCC (93–95). Notably, nivolumab and pembrolizumab well tolerated and effective in patients with advanced HCC after sorafenib failure with promising effects on long-term survival (96, 97). Atezolizumab, particularly in combination with bevacizumab (anti-VEGF), has superior performance compared with sorafenib in term of survival outcomes and the life quality of patients with unresectable HCC (98, 99).

Other immunotherapies, including adoptive immunotherapies (AITs) and immunotherapeutic vaccinations, activate anti-tumor immune response. AIT improves anti-tumor immunity by expanding or sensitizing lymphocytes in vitro and reinjecting them into patients, and cancer vaccines aim to enhance tumor-specific immune responses that are primarily activated by antigen-presenting cells (e.g., DCs) and produce endogenous TAAs. Although these treatments have not been studied as extensively as ICIs, they are under clinical studies. Clinical trials demonstrated the safety and efficacy of T cell- (100), DC- (101), and activated cytokine-induced killer (CIK) cell- (102) based adoptive immunotherapies, as well as oncolytic virus (103, 104) and peptide (105–107) vaccines for HCC. Glypican-3 (GPC3), a carcinoembryonic antigen ideal for immunotherapy target, has been studied extensively as an anti-tumor vaccine of HCC. Phase I/II clinical trials suggested that GPC3 peptide vaccine is effective in inducing cytotoxic T lymphocyte (CTL) killing cancer cells, reducing RFS, and improving OS, particularly in patients with GPC3-overexpressing HCC (105, 108, 109). An animal experiment demonstrated that the synergistic anti-tumor effects depended on increased GPC3-induced CTL though the combination of PD-1/PD-L1 blockade and GPC3 peptide vaccine (110). Moreover, a series of novel GPC3-targeting vaccine (111, 112) and antibodies (113–115) and cellular immunotherapeutic strategies (116–118) against GPC3 rely on the role of GPC3 in HCC and immunotherapy.

Strategies for enhancing therapeutic effects and monitoring immunotherapies have been developed based on advanced technologies. For instance, Liao et al. successfully applied NIR-II fluorescent imaging to NK cell-based immunotherapy for the real-time quantitative tracking and visualization of the viability of adoptive NK cells in vivo (119). The potency of immunotherapies can be enhanced by modification with specific antigens (120–122), mRNA optimization (123) and combination with adjuvants (124, 125).



Combined Ablative-Immunotherapy

As mentioned in Section 2.3, ablation techniques could induce local and systemic antitumor immune responses, but these responses are relatively weak, and cannot completely control the tumor. This reason explains the high local recurrence rates after treatment. RFA activated tumor-specific T cells, but it could not identify a new grown tumor or a recurrent tumor, which resulted in the tumor immune escape and recurrence in a HCC patient (60). Moreover, only 30% of patients with HCC achieved long-term remission and better DFS, because of the tumor-specific immune responses induced by MWA (63). The facts that the application of a single locoregional therapy has a high recurrence rate and locoregional ablation can induce anti-tumor immune responses, have led to the development of combined ablative and systemic therapy studies for recurrence reduction or treatment, as well as improved survival outcomes. Indeed, the advent of TKIs and immunotherapy have improved the outcomes of patients with HCC. Sorafenib, the most promising candidate for adjuvant chemotherapy, failed in patients with HCC after resection or ablation. Results from STORM trial in 2005 showed that compared with placebo, adjuvant sorafenib did not significantly improve RFS in patients with HCC post resection or ablation (126), which is consistent with the findings of existing randomized trials that showed no survival benefit for HCC patients after ablation with adjuvant sorafenib (127, 128). In addition, a study has shown that vitamin K combined with angiotensin converting enzyme inhibitors can inhibit the cumulative recurrence of HCC after treatment (129). A retrospective study has shown that angiotensin II receptor 1 blockers (sartans) can significantly improve overall survival and recurrence time in HCC patients after RFA (130), while another study have shown that this combination can only improve recurrence time (131). These results suggest that more rigorous randomized clinical trials are needed to verify the efficacy of this combination for HCC. On the other hand, the unsatisfying combinations indicated the emergence of immunotherapy as an adjuvant candidate.

In the VX2 tumor model, the combination of RFA and CpG-oligodeoxynuleotides vaccine prevented tumor progression and improved survival outcomes by enhancing anti-tumor T cell response and cytotoxicity (132). Using the CT26 tumor model, Liu et al. studied the roles of palliative RFA (pRFA) in T-cell immune responses and tumor recurrence, which could be more significant in combination with antibodies (74). Likewise, MWA combined with anti-PD-1/anti-CTLA-4 protected mice from recurrence with improved survival (133).


Clinical Combination on the Way

Table 2 reviews the finished clinical trials of the combinations of ablation and immunotherapy. Nivolumab and pembrolizumab, which are PD-1 blockades, received quick approvals as second line therapy for patients with HCC after sorafenib failure on the basis of CheckMate-040 (93) and KEYNOTE-224 (97). A recent proof-of-concept clinical trial suggested that the application of RFA or MWA enhanced the anti-tumor effects and response rates (from 10% to 24%) of nivolumab and pembrolizumab (135). The explanation for synergistic effects may be found in Section 2.3 in this review. In brief, the critical roles of RFA in T cell infiltration/response and PD-1 expression may be one of rationales for combining RFA with PD-1 blockade. Besides, the combination of RFA with tremelimumab (CTLA-4 blockade) have been also explored (134, 135).


Table 2 | Clinical combinations of ablation and immunotherapy.



Various studies have demonstrated the safe and effective to applicate adjuvant adoptive cellular immunotherapies to patients with HCC post-ablation with improved RFS and OS (102, 139–141). For patients with metastatic HCC, the combination of cryoablation and DC-CIK cell immunotherapy also achieved a significantly higher OS (median: 32 months) than cryoablation (median: 17.5 months) and the untreated group (median: 3 months) (144). Moreover, the multiple treatment modality for cryo-immunotherapy could provide better prognosis than the single one.

Notably, Tetsuya Nakatsura’s team found that RFA stood out among other locoregional therapies (including surgical resection and TACE) by referring to GPC3-specific T-cell-mediated immune response for HCC (145). Compared with resection, RFA significantly induced GPC3-specific CTLs, especially in patients with GPC3-overexpressing HCC. Consequently, the phase II study of GPC3 peptide vaccine for adjuvant immunotherapy was carried out, laying a foundation of antitumor efficacy of GPC3 peptide vaccine and induced GPC3-specific CTL (105). Although the combination of resection or RFA with GPC3 peptide vaccine decreased the 1-year recurrence rate (142), whether different local strategies had an impact on the prognosis of the combination treatment remained unclear. However, another randomized phase II study showed that adjuvant immunotherapy with tumor associated antigen (TAA)-pulsed DC vaccine prolonged the RFS of patients with complete remission in non-RFA (including surgical resection, TACE, and PEI) groups compared with those in the RFA group (102). These results suggest that combination strategy benefits patients, but the choice of optimal combinations is thought provoking.



Springing Synergistic Strategies Based on Nanoplatforms

While the clinical trials are in full force, the combination of ablation and immunotherapy is also attracting the attention of scientists in basic medicine and biomedical materials. The development and application of multi-functional nanoplatforms have enabled synergistic ablative-immunotherapy strategy to flourish, instead of the sequential combination. On the one hand, a nanoplatform can deliver multiple drugs with optimized drug performance and therapeutic efficiency, as well as reduced drug toxicity. On the other hand, nanoplatforms can apply imaging technology to identify and locate tumors, guide ablation procedures, as well as monitor drug responses and therapy efficacy. Moreover, such a combination strategy may maximize the synergistic anti-tumor effects and thus achieve a greater therapeutic efficacy than the mere sum of the parts.

First, nanoplatforms can improve the targeting ability of agents through the innate enhanced permeability and retention effect and modifications with specific targets to enhance the anti-tumor effects (8). A mesoporous silica based nanosystem co-loading ICG and sorafenib, named (ICG+S)@mSiO2, was developed for synergetic PTT/immuno-enhanced therapy (146). (ICG+S)@mSiO2 improved endocytosis of HCC cells and photothermal efficiency. Active targeting deliveries were achieved in SP94-PB-SF-Cy5.5 nanoparticles (NPs) (147) and PCN-ACF-CpG@HA NPs (148) by conjugated with HCC specific targeting peptide (such as SP94) and HA (targeting CD44 receptor-overexpressed HCC cells), respectively. Moreover, SP94-PB-SF-Cy5.5 and PCN-ACF-CpG@HA, in combination with PD-L1 blockade and an immunologic adjuvant (CpG), enhanced the PTT- and PDT-induced weak immunogenic cell death of cancer cells. Similarly, these strategies for enhanced immune responses also applied sonodynamic immunotherapy as recently reported by Tan et al. (149) and Lin et al. (150). Moreover, anti-TGF-β antibody modification is an active targeting strategy that enhances cell endocytosis for improved PTT and an immunotherapeutic strategy for immune activation (151). Besides, ICG/ICG-SF-Gel-based photothermal-immunotherapy inhibited primary and distal tumor growth, with improved survival time with the help of Ganoderma lucidum polysaccharides (GLP) for enhancing the antitumor immunity (152). These combined anti-tumor effects led to the application of TAAs in in situ vaccination to eliminate residual and distant lesions, as well as inhibit tumor recurrence and metastasis.

Biomimetic nanotechnology, which integrates advantages of nanoplatform delivery and cellular immunotherapy, provides novel strategies for synergistic ablative immunotherapy. On the one hand, biomimetic nanoplatforms are ideal for targeted drug delivery because of their superior biological characteristics. For instance, Wang et al. developed a photothermal immunotherapy nanoplatform based on synthetic high-density lipoprotein (sHDL) (153). The higher expression of sHDL in HCC cells than in other normal cells of liver facilitates the preferential delivery of agents into the cytosol of HCC cells. Ma and colleagues designed a CAR-T cell membrane-coated mesoporous silica NP, which specifically recognized GPC3+ HCC cells (154). On the other hand, a programmable therapeutic strategy based on engineered immune cells provide a possibility for the synergy of ablation and cellular immunotherapy. Zhang et al. constructed an artificial engineered NK cell decorated with TLS11a (a HCC-specific targeting aptamer) for photothermal immunotherapy (56).




Discussion

The development of science and technology and the deepening of researches on HCC have promoted vigorous developments of treatment strategies for HCC, including the local treatment represented by the clinical standard treatment (RFA) and the emerging phototherapy, and the systematic treatment represented by sorafenib and immune blockers. However, monotherapies have shown some limitations. RFA is a first-line ablative therapy with established technical standard for patients with HCC. However, over 30% of patients suffer from recurrence or metastasis after iRFA (27). The solutions to the problems after iRFA include two aspects: improving the efficiency of RFA and applying combination therapy. The former can be solved well with the development of imaging technology based on nanomaterials, but the process from new drug development to clinical application is long and slow. The latter provides a salvage alternative for residual tumors, but the choice of drugs is thought provoking because of possible drug resistance after iRFA. Moreover, high-quality evidence-based medicine are lacking to support these solutions.

In comparison, increasing evidence support combination therapy. Thus, the combination of ablation and immunotherapy is rationale. On the one hand, ablation can promote anti-tumor immune responses. However, these responses are not strong enough to completely control tumors. On the other hand, the addition of immunotherapy may synergistically amplify the anti-tumor immune effect. The application of nanotechnology and nanomaterials in ablative immunotherapy strengthens the combination; enhances therapeutic effects by improving the physical, chemical, and physiological properties of agents; and achieves a synergistic effect through theranostic nanoplatforms.

Of course, many controversies and challenges need to be resolved. How to develop individualized treatment strategies to obtain the best treatment effect needs to be taken into consideration in clinical research. First, most clinical trials of ablative immunotherapy apply adjuvant immunotherapy after ablation. The frequency of ablation and the optimal time of immunotherapy application need to be specified. For example, a study showed that the ideal time window for immunotherapy after IRE is 3-14 days post-ablation (64). Another study suggested that the frequency of cryoablation is related to prognosis (144). Second, the expression difference of specific genes, such as GPC3 (105, 108, 109), in some patients with HCC leads to different immunotherapy responses and outcomes. Third, the combinations of ablative immunotherapy are diverse. Although some studies demonstrated that ablative immunotherapy provides better outcomes than single ablation or immunotherapy, whether different combinations have differences is unknown. In addition, more multicenter, randomized clinical trials with large samples are needed to confirm the benefits of the ablative immunotherapy. With regard to basic researches, the animal models used in ablative therapy, especially phototherapy, and subcutaneous tumor transplantation model are not suitable because the penetration depth of such techniques is limited. Moreover, tumors in solid organs such as liver, are difficult to reach by percutaneous or laparoscopic ablative techniques, unless the tumor is on the surface of the organ. The development of new drugs based on nanomaterials (such as NIR/X-Ray activated PSs and photothermal drugs) and novel technologies (such as SDT), has been devoted to address these problems. Of course, the success of these advances in cell and animal levels is still a long way from clinical applications. Nonetheless, ablative immunotherapy is expected to gain a place in HCC therapy and benefit patients in the near future.
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We report a case of non-bacterial cystitis after treatment with programmed death-1 (PD-1) and programmed cell death-ligand 1 (PD-L1) antibodies, which was considered an immune-related adverse event (irAE). A 48-year-old male patient with intrahepatic cholangiocarcinoma (ICC) was treated with nivolumab after postoperative multi-line treatment. This patient recurred worsening of psoriasis and repeated urinary tract discomfort. The drug was discontinued and surgery was performed due to the recurrence of the tumor suggested by imaging. After receiving three cycles of chemotherapy treatment combined with atezolizumab, urinary tract discomfort reappeared. No bacteria were found in multiple urine cultures, and non-bacterial bladder inflammation was considered after cystoscopy biopsy. This is a report of non-bacterial inflammation of the urinary tract caused by immunotherapy.
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Background

Immune checkpoint inhibitors (ICIs) induce antitumor immune responses by blocking immune checkpoints, such as cytotoxic T lymphocyte antigen-4 (CTLA-4) and programmed death-1 (PD-1) or its ligand, PD-L1. By increasing the activity of the immune system, these drugs produce excessive immunity to normal organs and cause toxicity different from standard chemotherapy or other biological agents (1). Among them, skin and gastrointestinal adverse reactions were the most commonly observed (2). Here, we reporte a case of cystitis after receiving nivolumab and atezolizumab (PD-1 and PD-L1 antibodies), which was considered a type of immune-related adverse event (irAE).



Case Report

Our patient is a 48-year-old male with intrahepatic cholangiocarcinoma (ICC) with a history of psoriasis for more than 20 years. After receiving multi-line treatment, including surgery, chemotherapy, and radiotherapy, among others, the effect was not good and the patient’s disease progressed. According to the results of clinical trials on biliary tumors (3), PD-1 antibody combined with lenvatinib was tried. There was no obvious abnormality in urine routine during baseline examination; meanwhile, the patient’s psoriasis was also in an inactive period, which has been stable for a long time and did not require drug control. However, after combination treatment with lenvatinib and nivolumab, psoriasis recurred, with scattered rashes all over the body, and skin toxicity symptoms aggravated with the increase of the cumulative dose of the PD-1 antibody. The patient developed urinary tract irritation after three cycles. Urine examination revealed 375/μl white blood cells (WBCs) in the urine (Figure 1). Although no bacteria were found in the urine culture, the possibility of bacterial cystitis was still considered after consultation with the urology department based on the patient’s symptoms at that time. After antibiotic treatment, laboratory tests had indeed improved, but the patient’s symptoms did not get better. Therefore, the treatment was discontinued. However, the patient’s tumor indicators increased due to the discontinuation of lenvatinib and PD-1 antibody (Figure 1). Imaging examinations also revealed new lesions located on the right posterior lobe of the liver and above the duodenum on the right side of the pancreatic head in the abdominal cavity (Figure 2). In general surgery consultation, this patient was considered to have a chance of surgery, so an operation was performed. One month after the second operation, the patient’s tumor indicators decreased and then increased again (Figure 1). Except for a slight thickening of the local omentum, no lesions were found on imaging. At the same time, the patient’s urinary tract symptoms improved after the drug has been withdrawn for more than 3 months. Therefore, Gemox chemotherapy (gemcitabine+oxaliplatin) was considered after the operation. Meanwhile, the patient’s immunohistochemistry was positive for PD-L1. Taking the improvement of curative effect into account, and with the patient’s insistence on trying, the treatment plan was finally determined as Gemox combined with the PD-L1 antibody. The patient then did not develop skin toxicity. After three cycles, the tumor markers dropped significantly, but bladder irritation reoccurred, which was significantly worse than before. Urine examination revealed that WBCs were 2,818/μl (Figure 1) and bacteria were 512/μl. After consultation with the Department of Urology and Nephrology, bilateral ureteral stent implantation and cystoscopy and biopsy were decided. The result of the bladder biopsy indicated chronic inflammation of mucosal tissue, mucosal erosion in some areas, and proliferation of granulation tissues and fibroblasts (Figure 3). After the multidisciplinary consultation, immune-related cystitis was considered; treatment with steroid hormones was given, which started at 2 mg/kg, then slowly decreased. The urinary tract irritation symptoms were relieved, and the laboratory examination was also significantly improved. After 4 weeks, the urine routine was reviewed, and the WBC count was 66/μl. At present, during the hormone reduction period, urine routine and carbohydrate antigen 19-9 (CA19-9) are continued to be monitored, and imaging examinations are performed regularly (including MRI and PET-CT). In the follow-up treatment, it was considered that this patient cannot tolerate the side effects of immunotherapy. Whether hormones affect the efficacy of immunotherapy is currently controversial, so chemotherapy only was considered.




Figure 1 | (A) Clinical course. (B) Carbohydrate antigen 19-9 (CA19-9) change curve.






Figure 2 | (A) October 22, 2019: magnetic resonance cholangiopancreatography showed the density of the soft tissue under the capsule of the right lobe of the liver. The possibility of metastasis was considered. (B) November 4, 2020: discovery of new lesions; tumor metastasis was considered (PET/CT showed nodular thickening of the capsule of the right posterior lobe of the liver, soft tissue density nodules in the fat space above the duodenum on the right side of pancreatic head in the abdominal cavity, and abnormal increase of glucose metabolism). Compared with the previous film, it was a new lesion. A high possibility of tumor metastasis was considered.






Figure 3 | Histopathological findings. (A) was taken at 10x, and (B) was taken at 20x.





Discussion

We report a case of non-bacterial cystitis that is related to PD-1 and PD-L1 antibodies after treatment. As far as we know, there are currently few reports of irAEs in the urinary system, and non-bacterial cystitis is even rarer. This adverse reaction usually causes bladder irritation symptoms, such as frequent urination and pain on urination. For example, a case of immune-related cystitis after the use of nivolumab has been reported by Ozaki et al. This patient developed frequent urination, painful urination, and gross hematuria (4). In addition, two cases reported by Shimatani et al. had symptoms such as frequent urination and diarrhea, and the final pathological examination results were clear as immune-related cystitis (5). According to the relevant literature and guidelines, once irAE is suspected, it is best to have a specialist consultation to rule out infection or other accidental conditions (4). Management after diagnosis generally relies on steroid hormones and other immunomodulatory agents (6).

The exact pathophysiological mechanism of irAE is still unclear, and the side effects and severity caused by different ICI drugs or even different doses also vary (1). In an analysis of advanced melanoma, 71% of patients treated with nivolumab had irAEs, the most common of which were fatigue, pruritus, diarrhea, and rash. Of the patients, 10% reached grade 3 or 4 (7). On the other hand, 84.6% of patients treated with ipilimumab had irAEs and 25.2% of patients reached grade 3 or 4, which mainly occurred in the gastrointestinal tract, liver, skin, and the endocrine system (7). As far as we know, the non-bacterial cystitis that we have reported in the urinary system is relatively rare, and there are very few reports. Multiple studies have shown that patients with a history of autoimmune diseases have an increased risk of irAEs (1, 8). But these adverse reactions can often be controlled by active treatment, so this is not an absolute contraindication for ICI use. Such patients can still obtain long-lasting antitumor effects from immunotherapy (9).

Steroid hormones can regulate immune activity by inducing the apoptosis of T lymphocytes (10), but its influence on ICI therapy is still controversial. Horvat et al. found that one-third of patients receiving ipilimumab required systemic corticosteroid therapy. But it did not affect the efficacy of immunotherapy. They found that receiving corticosteroid therapy had no significant relationship with the patients’ overall survival (OS) (11). However, there are some studies suggesting that a high baseline prednisone dose is associated with poor survival (12). They speculated that the use of steroid hormones before ICI treatment may affect the activation of primitive T cells, thereby affecting the efficacy of immunotherapy, while the use of steroid hormones during treatment would only affect the activated T cells, and this effect cannot reduce the overall efficacy of immunotherapy (12). In this case, the patient had a history of psoriasis. After using PD-1, psoriasis worsened and the symptoms were relieved after symptomatic treatment, so his underlying disease did not affect the ICI treatment. After three cycles, the patient developed symptoms of bladder irritation, but because of the unsatisfactory treatment effect, the disease progression was found on imaging examination to be the reason for the patient’s discontinuation of the PD-1 antibody. In the subsequent PD-L1 antibody treatment, the patient did not develop skin toxicity, but the bladder symptoms continued and were worse than before. It may be that the signal pathways of PD-1 and PD-L1 are not the same and that the mechanisms of adverse reactions are also different. After multidisciplinary consultation, the bladder biopsy was considered to be non-bacterial cystitis caused by immunotherapy. After hormone therapy, the patient’s own symptoms and laboratory examinations were significantly improved. Since the patient complained that he cannot tolerate such symptoms, and whether hormone therapy would affect the efficacy of ICI is currently controversial, he did not continue using immunotherapy.

According to statistics, globally, the probability of death due to irAEs that received ICI treatment is about 0.6%. Of this, PD-1 antibody contributes 0.36% and PD-L1 0.38% (13). The cause of death is usually pneumonia, hepatitis, or neurotoxicity. CTLA-4 and combined immunotherapy have higher mortality rates, 1.08% and 1.23%, respectively (13). Studies have found that certain antibodies in the serum before treatment may be related to the risk of irAEs (9). An early increase in peripheral lymphocyte counts can also be used as a biomarker of irAE risk (14). B cells in the body and some cytokines such as interleukin 17 (IL-17) can also help identify the risk of irAE in patients (15, 16), but they appear to lack sensitivity. Further research is needed in the future (1, 9).

More and more studies have shown that the onset of irAE can be used as a potential biomarker to predict the efficacy of PD-1 and PD-L1 in various solid tumors (17). Patients with irAEs show better efficacy than those without irAE (14, 18, 19). The mechanism is unclear, but may be due to the bystander effect of ICI-activated T cells, which target not only tumor cells but also normal tissues to produce side effects (20). The specific antigens preexisting in normal organs may also be the predisposing factors of irAEs and produce autoimmune toxic reactions that are not antitumor related (21). Of course, this conclusion also needs the support of more clinical data.
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Pancreatic ductal adenocarcinoma (PDAC) is one of the most refractory human malignancies. F-box only proteins (FBXO) are the core components of SKP1-cullin 1-F-box E3 ubiquitin ligase, which have been reported to play crucial roles in tumor initiation and progression via ubiquitination-mediated proteasomal degradation. However, the clinical implications and biological functions of FBXOs in PDAC have not been fully clarified. Herein we perform a comprehensive analysis for the clinical values and functional roles of FBXOs in PDAC using different public databases. We found that FBXO1 (CCNF), FBXO20 (LMO7), FBXO22, FBXO28, FBXO32, and FBXO45 (designated six-FBXOs) were robustly upregulated in PDAC tissues, which predicted an adverse prognosis of PDAC patients. There was a significant correlation between the expression levels of six-FBXOs and the clinicopathological features in PDAC. The transcriptional levels of six-FBXOs were subjected to the influence of promoter methylation levels. There were more than 40% genetic alterations and mutations of six-FBXOs, which affected the clinical outcome of PDAC patients. Furthermore, the expression of six-FBXOs was associated with immune infiltrations and activated status, including B cells, CD8+ T cells, CD4+ T cells, NK cells, macrophages, and dendritic cells. The functional prediction revealed that the six-FBXOs were involved in ubiquitination-related pathways and other vital signaling pathways, such as p53, PI3K/Akt, and Hippo pathway. Therefore, six-FBXOs are the promising prognostic biomarkers or potential targets for PDAC diagnosis and treatment.
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Introduction

According to the 2017 cancer statistics of the National Cancer Center of China, the incidence of pancreatic cancer ranked 11th among women and 7th among men, and the mortality rate ranked 6th among malignant tumors in China (1). Pancreatic ductal adenocarcinoma (PDAC) is the most common pathological type of pancreatic cancer, accounting for about 90% of pancreatic cancer (2). The clinical outcome of PDAC patients is often extremely poor, and the 5-year survival rate is only around 9% due to difficulties in early diagnosis, low success rate in surgical dissection, and chemotherapy resistance (3, 4). Therefore, it is necessary to find diagnostic or therapeutic targets of PDAC to improve the clinical outcomes of patients.

The occurrence and development of PDAC are responsible for multi-factor and multi-step processes, such as the activation/inactivation of oncogenes/tumor suppressor genes, tumor stem cell, gene mutation, epigenetic modification, and post-translational regulation as well as tumor immune microenvironment (5–8). Among them, ubiquitination-mediated degradation of target protein with high selectivity is a key pathway for post-translational modification, which plays a significant role in oncogenesis and pathological mechanism (9). E3 ubiquitin ligase is a vital component of the ubiquitination cascade that binds directly to substrates by controlling mutual specificity, which is regarded as a promising anticancer drug target (10). F-box only (FBXO) proteins are the substrate-recognizing subunits of SKP1-cullin 1-F-box (SCF) E3 ligase. An increasing number of studies have revealed that FBXO family members, as important molecular regulators, are implicated in cell apoptosis, angiogenesis, epithelial–mesenchymal transition (EMT), and multiple important signaling pathways, like p53, NF-κB, PI3K/AKT, and Hippo signaling pathway, in a variety of tumors (11); for example, FBXO1, also known as cyclin F (CCNF), participates in the formation of SCF ubiquitin ligase complex and is involved in tuning centrosome duplication, DNA repair, and genome stability (12). FBXO20, also known as LIM (Lin11, Isl-1, and Mec-3) domain 7 (LMO7), belongs to PDZ and the LIM domain-containing protein family. It has been reported that LMO7 played a role in the regulation of cell adhesion, mitosis, and cancer metastasis and progression, including breast cancer, lung adenocarcinoma, and pancreatic cancer (13–16). Clinically, some FBXO family members were closely linked to the overall survival (OS) and disease-free survival (DFS) of patients with breast cancer (17). However, the clinical significance and biological role of FBXOs in PDAC are still unclear as yet and remain to be elucidated.

Among FBXO1–50, FBXO12 is also called FBXO35, FBXO17 is also called FBXO26, FBXO14 is also called FBXO31, and FBXO19 is absent. In the present study, we mainly focused on six FBXO family members with limited studies in the field of PDAC research, including FBXO1, FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45 (designated six-FBXOs in the following text). We compared the different expression levels of the six ubiquitination-related FBXOs between PDAC tissues and paracarcinoma tissues or normal pancreatic tissues. Furthermore, using diverse public databases, we comprehensively analyzed their correlation with clinicopathologic characteristics, promoter methylation in epigenetic regulation, fluorescence localization, gene mutation, immune infiltration, and prognostic values as well as the functional enrichment analysis and the prediction of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway. Finally, we validated the expression levels of six-FBXOs in five different PDAC cell lines compared with human normal pancreas cells.



Materials and Methods


GEPIA

GEPIA is an interactive online web tool for investigators to explore diverse functional modules based on TCGA and GTEx databases (18). Using the GEPIA database, we analyzed the gene expression profile of FBXO family members across 33 tumor samples and paired normal tissues, including pancreatic adenocarcinoma (PAAD), and performed the pathological stage plot of the FBXOs as well as evaluated the prognostic values of FBXOs in PDAC patients. “Median” was selected as the “Group Cutoff”.



Oncomine and UALCAN

Oncomine is a public database that contains substantial tumor microarray datasets (19). Log2-transformed form was utilized to represent the transcriptional levels of FBXOs. Fold change >2 and p-value <0.05 were selected as the inclusion criteria. UALCAN is a user-friendly database for the analysis of gene expression and clinical parameters from thirty-one different types of tumors, including PDAC (20). In this study, PDAC staging, grading, TP53 mutation, and methylation data were obtained from the UALCAN database.



GEO

GEO database includes a large number of high-throughput sequencing data, including PDAC datasets. We used five GEO datasets to compare the expression levels of FBXOs in PDAC tissues and normal pancreatic tissues (GSE16515 and GSE62165) or para-carcinoma tissues (GSE62452, GSE28735, and GSE15471). Besides these, five GEO datasets were used to analyze correlations between the expression levels of FBXOs and the clinicopathologic characteristics of PDAC. GSE21501 was used for the analysis of tumor size (T1–T2 vs. T3–T4) and lymphatic metastasis (N0 vs. N1); GSE62165, GSE62452, GSE19650, and GSE51971 were used for the analysis of tumor location (head vs. body/tail), differentiation degree (G1–G2 vs. G3–G4), different pancreatic precancerous lesions, and cell stemness, respectively.



The Human Protein Atlas

The Human Protein Atlas (HPA) database is an integrated and accessible data mining platform containing a substantial distribution of information of human protein from more than twenty kinds of cancer in cellular and histopathological levels. The immunohistochemical (IHC) staining images of FBXO family members and the confocal images of their cellular localization were acquired from the HPA database.



Kaplan–Meier Plotter

The Kaplan–Meier plotter is an interactive and public online database for analyzing the survival of twenty-one tumor types based on substantial RNA-seq and next-generation sequencing (21). The prognostic values of FBXO family members and their prognostic subgroup analysis in gender, mutation burden, and immune infiltration were evaluated by the Kaplan–Meier plotter database. Hazard ratio (HR) and 95% confidence interval (CI) were calculated automatically according to “Auto select best cutoff”.



SurvExpress and LinkedOmics

SurvExpress is a bioinformatics web server for gene expression and clinical data in tumors (22). The prognosis of FBXO family members and the transcriptional levels in low- and high-risk groups were assessed by using this database. “PAAD-TCGA-Pancreatic adenocarcinoma” (n = 176) was selected. The PDAC cohorts were divided into low- and high-risk groups based on the prognostic index to compare the expression levels of FBXOs. LinkedOmics is an available web portal for users to analyze multi-omics data within and across 32 cancer types (23). This database was used to evaluate the prognosis of promoter methylation of the FBXOs and top 200 co-expressed genes with individual FBXOs in PDAC patients.



Immune Infiltration Analysis of FBXOs

TIMER is a user-friendly web server for the systematic and comprehensive analysis of immune infiltration across various tumor types via inputting function-specific parameters (24). The immune infiltration of FBXOs in PDAC tissues was estimated using TIMER database (Spearman correlation). Furthermore, TISIDB is a public portal for tumor and immune system interaction as well as integration of numerous heterogeneous data types (25). We used this database to perform a further detailed analysis of immune infiltration of FBXOs in PDAC based on high-throughput data.



cBioPortal Database

The cBioPortal database is an accessible online resource to interactively explore and visualize multidimensional genomics data and clinical profiles in diverse cancer samples (26). Using cBioPortal database, we analyzed the genetic alteration, mutation, and related prognosis of FBXOs in PDAC and identified the top 200 co-expressed genes of FBXOs. The “Pancreatic adenocarcinoma (TCGA, PanCancer Atlas)” (184 samples) was selected. In terms of “Select Genomic Profiles”, the “Mutation”, “Structural Variant”, “Putative copy-number alterations from GISTIC”, “mRNA Expression”, and “Protein expression z-scores (RPPA)” were selected. Besides these, “Complete sample (168)” was selected as the option of “Select Patient/Case Set”.



DAVID

DAVID is a bioinformatic analytic tool for the functional enrichment of genes derived from high-throughput genomic experiments, such as functional classification and annotation, to acquire an in-depth understanding of the biological function of gene lists (27). Functional enrichment and prediction of FBXOs were performed using gene ontology (GO) and KEGG pathway analysis from DAVID. GO functional enrichment consists of biological process (BP), cellular component (CC), and molecular function (MF).



Cell Culture

Human immortal pancreatic epithelial cell line HPDE6 and PDAC cell lines (Panc-1, AsPC-1, SW1990, T3M4, and CAPAC-1) were purchased from the National Infrastructure of Cell Line Resource (Beijing, China). HPDE6, Panc-1, and T3M4 were cultured in DMEM medium (HyClone); AsPC-1, SW1990, and CFPAC-1 were cultured in RPMI-1640, Leibovitz’s L-15, and IMDM medium (Coning), respectively. All media were supplemented with 10% fetal bovine serum (Gibco) and 1% penicillin–streptomycin (Sigma), and cells were incubated in a humidified atmosphere at 37°C and 5% CO2.



RNA Extraction and Quantitative PCR

Total RNA was isolated from exponentially divided cell lines using Trizol Reagent (RNAiso Plus, #9109, Takara) and then concentrated with trichloromethane, isopropanol, and ethanol according to standard protocols. The RNA was reverse-transcribed with PrimeScript™ RT reagent Kit (#RR037A, Takara). Real-time qPCR was administrated in three duplicates for each sample with TB Green® Premix Ex Taq™ (#RR420A, Takara) on the QuantStudio3 apparatus (ThermoFisher, USA). GAPDH was used for standard normalization, and the data were analyzed using the 2−ΔΔCT method. The primer sequences were summarized in Supplementary Table S1.



Statistical Analysis

Statistical analysis and graphs were performed and plotted by GraphPad Prism 6.0 (Lajolla, CA, USA). Comparisons between the two groups were conducted using a two‐tailed Student’s t-test. For comparisons of three or more groups, one-way ANOVA with post-hoc Dunnett test or Tukey’s test was utilized. Statistical significance was indicated as p-value <0.05.




Results


Aberrant Transcriptional Levels of FBXOs in Patients With PDAC

To investigate the expression profiles of FBXO family members in PDAC, the GEPIA database, an online analysis tool based on TCGA and GTEx datasets, was used to compare the difference between the mRNA expression levels of FBXOs in PDAC tissues (N = 179) and normal pancreatic tissues (N = 171). A total of twenty-one aberrantly expressed genes were identified within the human PDAC tissues. Of them, FBXO1, FBXO5, FBXO7, FBXO8, FBXO11, FBXO13, FBXO18, FBXO20, FBXO22, FBXO23, FBXO28, FBXO32, FBXO34, FBXO38, FBXO42, FBXO45, and FBXO46 were upregulated, while FBXO2, FBXO12, FBXO35, and FBXO50 were downregulated in PDAC tissues (Figure 1). No abnormal expression was found in other FBXO members (Supplementary Figure S1). By consulting the previously published literature, there are extremely limited reports related to FBXO1, FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45 in PDAC, and we therefore further explored the six genes. Furthermore, the transcriptional levels of six-FBXOs were explored in 32 other types of tumor. We found that six-FBXOs were also abnormally expressed in the other multiple tumors (Supplementary Figure S2). Next, Oncomine databases were also used to investigate the expression of six-FBXOs in PDAC tissues versus normal pancreatic tissues. The results confirmed that the mRNA expression levels of FBXO20, FBXO32, and FBXO45 were strongly upregulated in patients with PDAC in different datasets (Supplementary Figures S3A–D and Table 1). In Buchholz’s data, FBXO32 exhibited a higher expression in pancreatic duct intraepithelial neoplasia (PanIN) than in normal pancreatic tissues (Supplementary Figure 3C). Moreover, five GEO datasets were collected to verify the abnormality in the expression patterns of six-FBXOs found above via a comparison between PDAC and normal pancreatic tissues (GSE16515 and GSE62165) or adjacent non-cancerous tissues (ANCT) (GSE62452, GSE28735, and GSE15471). As shown in Figure 2, the overall results confirmed that the expression levels of six-FBXOs were robustly elevated, although FBXO1 and FBXO22 did not show statistical differences in two of the datasets (Figures 2A–E).




Figure 1 | Using GEPIA database, FBXO family members that are aberrantly expressed in pancreatic ductal adenocarcinoma (PDAC) tissues (n = 179) versus normal pancreatic tissues (n = 171). (A) FBXO family members that are highly expressed in PDAC tissues. (B) FBXO family members that are lowly expressed in PDAC tissues. *P < 0.05.




Table 1 | The significant changes of FBXO transcription levels between PDAC tissues and normal pancreatic tissues (Oncomine).






Figure 2 | Five GEO datasets were collected to validate the abnormality in the expression patterns of six-FBXOs in pancreatic ductal adenocarcinoma (PDAC). (A) The mRNA levels of six-FBXOs via the comparison between PDAC (n = 36) and normal pancreatic tissues (n = 16) in GSE16515 dataset. (B) The expression levels of six-FBXOs in PDAC tissues (n = 118) compared with normal tissues (n = 13) in GSE62165 dataset. (C) The expression levels of six-FBXOs in PDAC tissues (n = 69) versus adjacent non-cancerous tissues (ANCT) (n = 61) in GSE62452 dataset. (D) The transcriptional levels of six-FBXOs in PDAC tissues compared with ANCT (N = 45 pairs) in GSE28735 dataset. (E) The expression levels of six-FBXOs in PDAC tissues compared with ANCT (N = 39 pairs) in GSE15471 dataset. The code behind the gene is the probe name in different GEO datasets. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.





The Correlation Between Six-FBXO Expression and the Clinicopathological Features of PDAC Patients

Then, we evaluated the clinical significance of six-FBXOs in PDAC by using three GEO datasets (GSE62165, GSE21501, and GSE62452), GEPIA, and UALCAN databases. The data from GSE62165 showed that none of the six-FBXOs was associated with tumor location (N = 118) (Supplementary Figure S4A), while GSE21501 displayed that FBXO28 and FBXO32 were tightly linked to tumor size (N = 98); FBXO32 was also related to lymphatic metastasis (N = 101) (Figures 3A, B). GSE62452 demonstrated that the higher expression levels of FBXO1, FBXO20, FBXO32, and FBXO45 were correlated with poorer tumor differentiation (N = 68), apart from FBXO22 and FBXO38 (Figure 3C). Besides this, the GEPIA database manifested that, among six-FBXOs, FBXO32 was associated with tumor staging (N = 179); FBXO1, FBXO20, and FBXO45 had a related trend with tumor staging, whereas no correlation with tumor staging was observed for FBXO22 and FBXO28 (Figure 3D). It was worth mentioning that FBXO family members FBXO8, FBXO13, and FBXO34 were linked to tumor staging, and FBXO50 had an associated trend with tumor staging (Supplementary Figure S4B).




Figure 3 | Correlation between six-FBXO expression and the clinicopathological characteristics of pancreatic ductal adenocarcinoma (PDAC) patients in GEO datasets and GEPIA. (A) The expression levels of six-FBXOs via the comparison between T1–T2 (n = 18) and T3–T4 (n = 80) in GSE21501 dataset. (B) The expression levels of six-FBXOs in PDAC patients with/without lymphatic metastasis (N1/N0, 73 vs. 28) in GSE21501 dataset. (C) The mRNA levels of six-FBXOs in different differentiation degrees of PDAC (G1–G2 vs. G3–G4, 37 vs. 31) using GSE62452 dataset. (D) The expression levels of six-FBXOs in different pathological stages using GEPIA. (E) The transcriptional levels of six-FBXOs in different pancreatic precancerous lesions compared with normal pancreatic tissues using GSE19650 dataset. Normal (n = 7), IPMA (n = 6), IPMC (n = 6), and IPMN (n = 3). The code behind the gene is the probe name in different GEO datasets. *P < 0.05, **P < 0.01 ****P < 0.0001. n.s., not significant difference.



The results from the UALCAN database further confirmed the GSE21501 data that FBXO32 was closely relevant in the lymphatic metastasis of PDAC as well as showed that FBOX20 expression was relatively lower in PDAC patients with diabetes, compared with PDAC patients without diabetes (Supplementary Figure S4C). Furthermore, the UALCAN database displayed a more detailed analysis regarding tumor differentiation and staging based on TCGA samples. The data from the UALCAN database verified that the expression levels of six-FBXOs were strongly relevant in tumor differentiation, and patients who were in worse differentiation had the higher expression of six-FBXOs on the whole (Supplementary Figure S5A). Further validating the results of the GEPIA database, FBXO32 was related to the tumor stage of PDAC patients. It also indicated that the mRNA expression levels of FBXO20 and FBXO45 were closely related to the tumor stage of PDAC patients (Supplementary Figure S5B), which meant that patients who were in more advanced tumor staging tended to express higher transcripts of FBXO20, FBXO32, and FBXO45. TP53 mutation plays a crucial role in the initiation, formation, and maintenance of PDAC (28). Therefore, we also explored the effect of P53 mutation on the expression of six-FBXOs. The data showed that FBXO1, FBXO20, and FBXO45 exhibited higher expression levels in the TP53-mutant group than in the TP53-nonmutant group, while this kind of difference was not observed for FBXO22, FBXO28, and FBXO32 (Supplementary Figure S5C).

Pancreatic carcinogenesis is a gradual and multi-step process from precancerous lesions (8). We compared the expression of six-FBXOs in different precancerous lesions, including intraductal papillary-mucinous neoplasm (IPMN), intraductal papillary-mucinous carcinoma (IPMC), and intraductal papillary-mucinous adenoma (IPMA) by using the GSE19650 dataset. The results indicated that FBXO20 was highly expressed in these three kinds of precancerous lesions (IPMA, IPMC, and IPMN) in comparison to normal pancreatic tissues, and FBXO20 had the highest expression level among these three pathological types, while FBXO22 was downregulated in IPMA compared with corresponding normal tissues (Figure 3E). FBXO32 and FBXO45 were significantly enhanced in IPMC, and FBXO32 exhibited the highest expression level among the other pathological types (Figure 3E). Taken together, these results demonstrated that FBXO20, FBXO22, FBXO32, and FBXO45 may act as markers of precancerous lesions and have the value of early diagnosis of pancreatic cancer.



The Correlation Between Promoter Methylation Levels of Six-FBXOs and Clinicopathological Characteristics

Promoter methylation is a critical epigenetic modification to regulate gene expression in human cancers (29). Therefore, we next investigated the promoter methylation levels of six-FBXOs. The results illustrated that FBXO1, FBXO20, and FBXO32 had lower methylation levels in primary tumors than in normal pancreatic tissues, while FBXO45 had a higher methylation level in PDAC (Supplementary Figure S6A). In six-FBXOs, there were considerable differences in the promoter methylation level among divergent differentiated degrees or clinical stages. The methylation levels of FBXO1, FBXO20, FBXO32, and FBXO45 were associated with tumor differentiation (Supplementary Figure S6B). The methylation levels of FBXO1, FBXO20, FBXO22, FBXO32, and FBXO45 were correlated with clinical stages (Supplementary Figure S7A). In particular, FBXO1 exhibited a robust negative correlation between promoter methylation levels and differentiated degree or clinical stages. In addition, FBXO1, FBXO20, and FBXO45 had a lower methylation degree in the TP53-mutant group than in the TP53-nonmutant group, while FBXO22, FBXO28, and FBXO32 had no significant correlation between methylation level and TP53-mutant (Supplementary Figure S7B).



The Protein Expression, Cell Lines, Cellular Localization, and Cell Stemness of Six-FBXOs in PDAC

Next, we probed into the protein levels of six-FBXO expression between PDAC tissues and normal pancreatic tissues from the HPA database. The IHC staining of six-FBXOs revealed that the protein expression levels of FBXO1, FBXO20, and FBXO45 were markedly increased compared with the corresponding normal pancreatic tissues (Figure 4A), which corroborated the aforesaid result. The IHC data of FBXO22, FBXO28, and FBXO32 were pending cancer tissue analysis in the HPA database. Besides this, GSE45757 was used to evaluate the six-FBXO expression in human normal pancreatic ductal epithelial cells (hn-PDEC) and PDAC cell lines, including Panc-1, BxPC-3, Capan-2, Mia PaCa-2, SW1990, SU86.86, CFPAC-1, HPAF_II, and Hs766T. The data demonstrated that FBXO1, FBXO20, FBXO22, and FBXO28 were strongly upregulated in multiple PDAC cell lines relative to hn-PDEC (Figures 4B–E). The expression levels of FBXO32 and FBXO45 in cell lines were not available in the GSE45757 dataset. The cellular localization of gene expression often determines its corresponding significant function, so we explored the subcellular localization of six-FBXOs by using confocal images of the HPA database. The results warranted that FBXO1 was detected in the centrosome, FBXO20 was detected in actin filaments and cytosol, FBXO28 was detected in the nucleoplasm and focal adhesion sites, FBXO32 was detected in the nucleoplasm and cytosol, and FBXO45 was detected in the cytosol (Figure 4F). The confocal result of FBXO22 was absent in the HPA database. More importantly, we also explored the cell stemness of six-FBXOs in PDAC by using the GSE51971 dataset, whose data were classified into triple-positive group and triple-negative group according to whether these expressed the three important cancer stem cell markers, CD44, CD133, and EpCAM. The results showed that the expression levels of FBXO22, FBXO28, and FBXO32 were potently enhanced in the triple-negative group (Figure 4G). Overall, these results suggested that six-FBXOs are likely to play a vital role in PDAC initiation and progression.




Figure 4 | The protein expression, cell lines, cellular localization, and cell stemness of six-FBXOs in pancreatic ductal adenocarcinoma (PDAC). (A) The protein expression of FBXO1, 20, and 45 in PDAC and normal tissues using immunohistochemistry (IHC) in Human Protein Atlas (HPA) database. The IHC images of FBXO22, 28, and 32 were absent. The code behind the gene is the related primary antibody in HPA. (B–E) The expression levels of FBXO1, 20, 22, and 28 in human normal pancreatic ductal epithelial cells (hn-PDEC) and multiple PDAC cell lines using GSE45757 dataset. The code behind the gene is the related probe name. FBXO32 and FBXO45 were not available. (F) The confocal images of cellular localization of six-FBXOs in different types of cells using HPA database. The code behind the cell line is the related primary antibody in HPA. ER, endoplasmic reticulum. (G) The expression levels of six-FBXOs in triple-positive group (n = 4) and triple-negative group (n = 4), which were classified by three key cancer stem cell markers, CD44, CD133, and EpCAM, using GSE51971 dataset. The code behind the gene is the related probe name. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.





The Prognostic Analysis of Six-FBXOs in PDAC Patients

In order to investigate the prognostic values, we explore the prognostic data of six-FBXOs from three primary public databases: GEPAI, Kaplan–Meier plotter, and SurvExpress. The data from GEPAI displayed that the high levels of six-FBXOs were tightly linked to a decreased probability of OS and DFS in PDAC (89 vs. 89) (Supplementary Figure S8 and Table 2). The Kaplan–Meier plotter further substantiated the aforesaid prognostic results (Figure 5 and Table 2). Specifically, FBXO20 had the highest HR in OS and DFS at 2.73 and 9.6, respectively, which meant that the FBXO20 high-expression group had 2.73 times and 9.6 times the risk of PDAC-related death and relapse, respectively, versus the FBXO20 low-expression group. The median OS time of the low- and high-expression groups was 18.93 and 10.27 months, respectively. More detailed prognostic information was shown in Figure 5 and Table 2. Additionally, the SurvExpress online web tool also confirmed that six-FBXOs were the negative prognosis factors of PDAC patients (Supplementary Figures S9, S10A). The respective six-FBXO expression levels of PDAC patients in the SurvExpress datasets were divided into low- and high-risk groups (88 vs. 88) according to the prognostic index. The data from SurvExpress revealed that six-FBXOs had higher expression levels in the high-risk group than in the low-risk group (Supplementary Figure S10B). The LinkedOmics databases demonstrated that the hypermethylation group of FBXO1, FBXO20, and FBXO32 indicated a better OS than the hypomethylation group, while no significant correlation with OS was observed for FBXO22, FBXO28, and FBXO45 (Supplementary Figure S11). Collectively, these results in this section outlined the important prognostic values of six-FBXOs, which may act as effective prognostic markers for PDAC patients.


Table 2 | Prognostic analysis of the six-FBXOs in GEPIA and Kaplan–Meier plotter.






Figure 5 | The prognostic analysis of the six-FBXOs in pancreatic ductal adenocarcinoma (PDAC) using Kaplan–Meier plotter. (A–F) The overall survival of the six-FBXOs in PDAC patients (N = 177). (G–L) The disease-free survival of the six-FBXOs in PDAC patients (N = 69). “Auto-select best cutoff” was selected. NA, not available.





The Six-FBXO Expression and Immune Infiltration Level in PDAC

Then, we analyzed the relationship between the expression of six-FBXOs and the immune infiltration levels in PDAC using the TIMER online tool. The data revealed that the expression levels of FBXO1, FBXO22, FBXO28, and FBXO45 were associated with B cell infiltration; FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45 were correlated with CD8+ T cell infiltration; FBXO20 and FBXO45 were inversely related to CD4+ T cell infiltration; FBXO22, FBXO28, FBXO32, and FBXO45 were linked to macrophage and neutrophil cell infiltration; FBXO1, FBXO22, FBXO28, FBXO32, and FBXO45 were relevant in dendritic cell infiltration (Supplementary Figure S12). However, it was contradictory that these negative prognostic genes were positively associated with immune infiltration, especially CD8+ T cells, which often predicted a good clinical outcome. We speculated that this was related to whether immune cells were activated and contained different subgroups. Therefore, the TISIDB databases were utilized to perform a more detailed immune infiltration analysis of six-FBXOs in PDAC among subgroups with different functions. The results from TISIDB showed that, on the whole, six-FBXOs had a negative association with various immune infiltration, especially activated B cell, activated CD8+ T cell, and macrophage infiltration (Figures 6A, B), indicating the expression of six-FBXOs might be associated with a suppressive tumor immune microenvironment in PDAC.




Figure 6 | Association of six-FBXO expression with immune infiltration level in pancreatic ductal adenocarcinoma (PDAC) (TISIDB). (A) Heat map of immune infiltrate correlation for six-FBXOs. (B) Scatter plot of the correlation between the expression level of six-FBXOs and immune cell infiltration, including Act_B cells, Act_CD8+ T cells, NK cells, Act_DC, macrophages (Spearman correlation, N = 179). Act, activated; NK, natural killer cells; DC, dendritic cells.



To determine whether these six-FBXOs affected the prognosis of immune subgroup in PDAC patients, the Kaplan–Meier plotter was used to evaluate it between the immune cell-enriched group and the immune cell-decreased group. The data from the Kaplan–Meier plotter illustrated that FBXO1, FBXO20, FBXO22, FBXO28, and FBXO32 were the negative prognosis factors in the B cell-decreased group and the macrophage-decreased group, while FBXO45 was the negative prognosis factor in the B cell-enriched group and the macrophage-enriched group. FBXO20 and FBXO45 were the negative prognosis factors in the CD8+ T cell-decreased group, while FBXO1, FBXO22, FBXO28, and FBXO32 were the negative prognosis factors in the CD8+ T cell-enriched group. All six-FBXOs were the negative prognosis factors in the regulatory T cell-enriched group (Supplementary Figure S13). On the whole, the six-FBXOs tended to be the negative prognosis factors in the immunosuppressed state of PDAC. Furthermore, we also detected the prognostic analysis of subgroups in different gender or mutation burden. The results showed that FBXO1 and FBXO32 were the negative prognosis factors in the female group, whereas FBXO20, FBXO22, FBXO28, and FBXO45 were the negative prognosis factors in the male group. FBXO1, FBXO20, FBXO22, FBXO28, and FBXO32 were the negative prognosis factors in the low-mutation-burden group, and FBXO45 was the negative prognosis factor in the high-nutation-burden group (Supplementary Figure S13). For the subgroup analysis of DFS, the data are shown in Supplementary Figure S14. The HR, 95% CI, and p-value for the OS and DFS of six-FBXOs in different subgroups are summarized in Supplementary Table S2.



The Genetic Alteration and Mutation of Six-FBXOs in PDAC

We investigated the genetic alterations of the six-FBXO and the mutation in the cBioPortal database for pancreatic adenocarcinoma (TCGA and PanCancer Atlas). The results indicated that the genetic alteration of six-FBXOs in PDAC patients accounted for more than 40% (Figure 7A). Genetic alterations account for about 10% of each gene on average (Figures 7B, C), including mutation, amplification, mRNA high, mRNA low, and multiple alterations. For the progression of the genetic alterations of six-FBXOs, the data manifested that the altered group had a worse OS (p = 0.0331) and progression-free survival (p = 0.0428) than the unaltered group (Figures 7D, E and Supplementary Table S3). There is also such a trend for disease-specific survival in PDAC (p = 0.0592), but no statistical difference for DFS of two groups (p = 0.2020) (Figures 7F, G and Supplementary Table S3). Besides these, the altered group always had the higher typical PDAC gene mutations than the unaltered group, such as KRAS, TP53, CDKN2A, etc. (Figure 7H). Next, we analyzed the difference in sample-level enrichments between the altered group and the unaltered group. Using p <0.05 and log ratio >2 as the screening conditions, 1,194 genes were obtained in the altered group. The top 20 differently enriched genes are listed in Supplementary Table S4, such as ADCY8, ASAP1, EFR3A, KCNQ3, and PCAT1, which had been reported to play roles in tumor onset and progression (30–32).




Figure 7 | The genetic alteration and mutation of six-FBXOs in PDAC using cBioPortal database. (A) Total alteration frequency of the six-FBXOs in PDAC. (B, C) Individual alteration frequency of six-FBXOs in PDAC. (D–G) The prognostic analysis of the genetic alteration of the six-FBXOs in PDAC, including overall (p = 0.0331), progression-free (p = 0.0428), disease-specific (p = 0.0592), and disease-free survival (p = 0.2020). (H) Alteration event frequency of common mutant genes between altered group (n = 68) and unaltered group (n = 100).





Prediction of Functions and Pathways for Six-FBXOs in PDAC

We screened the top 200 positively co-expressed genes using the LinkedOmics database and the cBioPortal database, respectively, and obtained the intersected genes (Figure 8A). These shared gene sets were used to predict the functions and pathways of six-FBXOs by performing the GO and KEGG enrichment analysis. The GO enrichment analysis contains three points: BP, CC, and MF.




Figure 8 | Comprehensive bioinformatics analysis of six-FBXOs and individual co-expressed genes in pancreatic ductal adenocarcinoma. (A) Intersection of genes positively co-expressed in the top 200 of the LinkedOmics and the cBioPortal database (Spearman correlation). (B–G) The Gene Ontology enrichment analysis and Kyoto Encyclopedia of Genes and Genomes pathway prediction of six-FBXOs were performed. BP, biological processes; CC, cellular components; MF, molecular function.



For FBXO1, BP terms indicated cell division, mitotic nuclear division, DNA replication, DNA repair, cell cycle, and cell proliferation. CC terms were implicated in nucleoplasm and condensed chromosome kinetochore, midbody. MF terms were involved in protein binding, ATP binding, and protein kinase binding. The KEGG pathways showed that FBXO1 was related to cell cycle, DNA replication, and p53 signaling pathway (Figure 8B). For FBXO20, BP terms were implicated in cell–cell adhesion, hemidesmosome assembly, actin cytoskeleton organization, and negative regulation of extrinsic apoptotic signaling pathway. CC terms were involved in cell–cell adherens junction, extracellular exosome, plasma membrane, and focal adhesion. MF terms contained cadherin binding involved in cell–cell adhesion, protein binding, and actin binding. The KEGG pathways indicated that FBXO20 was related to tight junction, pathways in cancer, and Hippo signaling pathway (Figure 8C). For FBXO22, BP terms were implicated in protein folding, vesicle-mediated transport, and ubiquitin-dependent protein catabolic process. CC terms were involved in membrane, cytosol, and cytoplasm. MF terms contained poly(A) RNA binding, cadherin binding involved in cell–cell adhesion, and unfolded protein binding. The KEGG pathways indicated that FBXO22 was related to protein processing in the endoplasmic reticulum, antigen processing, and presentation (Figure 8D). For FBXO28, BP terms were implicated in Golgi to plasma membrane protein transport, regulation of protein export from nucleus, protein K11-linked deubiquitination, and EGFR signaling pathway. CC terms were involved in nucleoplasm, cytoplasm, and nucleus. MF terms contained protein complex binding, K63-linked polyubiquitin binding, and ubiquitin-protein transferase activity. The KEGG pathways indicated that FBXO28 was related to the regulation of actin cytoskeleton (Figure 8E). For FBXO32, BP terms were implicated in extracellular matrix organization, collagen catabolic process, cell differentiation, and angiogenesis. CC terms were involved in extracellular matrix, proteinaceous extracellular matrix, and extracellular space. MF terms contained extracellular matrix structural constituent and integrin binding. The KEGG pathways indicated that FBXO32 was related to ECM–receptor interaction, PI3K-Akt signaling pathway, proteoglycans in cancer, and regulation of actin cytoskeleton (Figure 8F). For FBXO45, BP terms were implicated in protein import into the nucleus, DNA repair, and activation of protein kinase activity. CC terms were involved in nucleoplasm, cytoplasm, and nuclear pore. MF terms contained poly(A) RNA binding, protein binding, and mRNA binding. The KEGG pathways indicated that FBXO45 was related to RNA transport, ErbB signaling pathway, insulin signaling pathway, and T cell receptor signaling pathway (Figure 8G).



Validation of the Expression of Six-FBXOs in PDAC Cell Lines

To further validate the findings of the bioinformatics analysis, we used qPCR to confirm the transcriptional levels of six-FBXOs in five pancreatic cancer cell lines, respectively, that is, Panc-1, AsPC-1, SW1990, T3M4, and CFPAC-1, compared with human immortal pancreatic epithelial cell line HPDE6. The results revealed that, overall, the expression levels of six-FBXOs are markedly elevated in multiple PDAC cell lines (Figure 9), in concordance with the above-mentioned data, and it substantiated our bioinformatics analysis to some extent, although further in vitro and in vivo experiments were needed to support it.




Figure 9 | The expression levels of six-FBXOs in human immortalized normal pancreatic epithelial cells HPDE6 and different pancreatic ductal adenocarcinoma cell lines were verified using real-time qPCR. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.






Discussion

Herein we comprehensively analyzed the clinical significance, function, and prognostic value of FBXO family genes, especially the six-FBXOs (FBXO1, FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45). Firstly, we found the multiple FBXO family members to be aberrantly expressed in PDAC and identified six-FBXOs that were inversely associated with the OS and DFS of PDAC patients. Notably, although some differences of GEO data were not large, all of them were statistically significant and mutually verified using databases from different sources, which could confirm our findings on the six-FBXOs. Furthermore, their correlations between expression and clinicopathologic characteristics, as well as the promoter methylation levels, were further analyzed by using GEO, GEPIA, and UALCAN databases. Next, we investigated their protein expression, cell lines, cellular localization, and cell stemness. Using different databases, the related immune infiltration, genetic alteration, and mutation were evaluated in PDAC tissues. Finally, we predicted their functions and pathways through positively co-expressed genes using GO and KEGG enrichment analysis. Although some FBXO family members have been reported to be involved in oncogenesis and tumor advancement (11, 17, 33), comprehensive bioinformatics analyses of PDAC have yet to be investigated. The present study is the first time to analyze the transcription levels, clinicopathologic characteristics, promoter methylation, mutation, immune infiltration, and prognostic values of six FBXO family members (FBXO1, FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45) in PDAC. We hope that these findings will help to replenish the available knowledge between the FBXO family and PDAC and contribute to improve the accuracy of prognostic prediction in PDAC patients as well as provide potential effective targets for the diagnosis and treatment of PDAC.


FBXO1

FBXO1 (CCNF) had been reported to be downregulated in hepatocellular carcinoma and was related to poor differentiation and adverse clinical outcome (34). In breast cancer, the overexpression of FBXO1 could suppress tumor progression, indicating that it has the role of a tumor suppressor (35). Intriguingly, FBXO1 mRNA was highly expressed in primary breast cancer tissues, but its protein level was strikingly reduced (35), hinting that FBXO1 was subjected to post-transcriptional modifications and protein degradation. Of note is the fact that FBXO1 was recently reported to be involved in the modification of the ubiquitination-proteasome system (36). FBXO1 was negatively regulated by the E3 ligase (FZR1) and the co-regulator of E3 ligase (FBXL8), which were known to play an oncogenic role in breast cancer, and FBXO1 could inhibit the expression of ribonucleotide reductase M2 (RRM2), a pro-tumorigenic protein (35). In contrast, FBXO1 was overexpressed in ovarian cancer tissues and facilitated the cell growth and invasion of ovarian cancer (37). Herein we found that FBXO1 was upregulated in PDAC tissues and the majority of PDAC cell lines as well as associated with the unfortunate prognosis of PDAC patients based on different public databases. These findings have been validated by a recently published study regarding the protein expression of FBXO1 in PDAC via IHC (38). Furthermore, our data showed that FBXO1 expression was linked to tumor differentiation, pathological grading, promoter methylation, P53 mutation, and immune infiltration in PDAC.



FBXO20

FBXO20 (LMO7) was downregulated in lung adenocarcinoma and relevant in tumor size, nodal involvement, and pathological stage as well as with a poor prognosis (15). The depletion of FBXO20 resulted in an increase of susceptibility for spontaneous lung cancer in the murine model (39). In contrast, FBXO20 could facilitate the migration ability of breast cancer cells in a cell-specific manner via modulating Rho-MRTF-SRF signaling (14). Liu et al. verified that the expression levels of FBXO20 mRNA and protein were increased in mouse and human pancreatic cancer tissues (16). The results of Liu were consistent with our findings in multiple public databases to some extent. FBXO20 acted an oncogenic role to promote metastasis and progression. In terms of proliferation, FBXO20 exhibited dual roles, that is, cell cycle acceleration and apoptosis inhibition (16). In addition, our data showed that a higher expression of FBXO20 tended to result in poorer pathological grading and worse tumor differentiation and predict an adverse prognosis in PDAC patients. FBXO20 was significantly elevated in different pancreatic precancerous lesions, including IPMA, IPMC, and IPMN. Among them, IPMA had the highest expression levels of FBXO20. These data indicated that FBXO20 possessed the potential to be a sensitive indicator of precancerous lesions, which is important for the early diagnosis of PDAC. Besides this, FBXO20 was tightly correlated with diabetic status, promoter methylation, P53 mutation, and immune infiltration in PDAC. The functional analysis and KEGG pathways revealed that FBXO20 might be involved in apoptosis-related signaling pathway and Hippo signaling pathway, which deserve to be further investigated.



FBXO22

Accumulating evidence suggested that FBXO22 exerts its oncogenic functions through mediating the ubiquitination and degradation of substrates in many human malignancies (40). However, the roles it plays in different tumors is inconsistent in physiological and pathological processes. In renal cell carcinoma, FBXO22 restrained cancer metastasis and progression by suppressing VEGF-induced angiogenesis and MMP-9-induced invasion and migration (41). On the contrary, FBXO22 facilitated tumorigenesis and progression via regulating the ubiquitination and degradation of p21 in hepatocellular carcinoma (42), of LKB1 in lung cancer, and of nuclear PTEN in colorectal cancer (43). Interestingly, FBXO22 exhibits a paradoxical dual role of pro-tumorigenic and anti-metastatic function in breast cancer progression (44). The functional role of FBXO22 in PDAC has not yet been reported. Herein we explored that FBXO22 was upregulated in PDAC and associated with cell stemness, poor pathological grading, and worse clinical outcomes. Notably, FBXO22 expression was closely correlated with the infiltration of a variety of immune cells, including B cells, CD8+ T cells, CD4+ T cells, NK cells, macrophages, neutrophils, and dendritic cells, implicating that it might be involved in the reprogramming of the tumor immune microenvironment in PDAC. Similarly, our functional analysis suggested that FBXO22 was related to the ubiquitin-dependent protein catabolic process, protein processing in the endoplasmic reticulum, antigen processing, and presentation, which allows our data and the published literatures to be mutually corroborated.



FBXO28

SCF (Skp1/Cul1/F-box) ubiquitin ligase serves as a key modulator of cell homeostasis via regulating downstream a variety of critical proteins for ubiquitylation (45). The IHC analysis displayed that FBXO28 and its phosphorylation are strong and predicted a poor prognosis in breast cancer (46). The CDK1/2-driven activation of the E3 ubiquitin ligase SCFFBXO28 accelerated MYC-dependent transcription by non-proteolytic ubiquitylation and promoted transformation and tumorigenesis (46). Fagerholm et al. showed that FBXO28 had a correlation with survival and treatment outcome using interaction analysis of cis-eQTL variants in breast cancer (47). Herein we found that FBXO28 had a high level in the majority of PDAC cell lines and tissues, which often predicted an adverse clinical survival for PDAC patients. Besides this, FBXO28 expression was related to cell stemness, tumor size, and pathological grading, but no significant correlation with promoter methylation. Notably, FBXO28 expression was strongly linked to the infiltration of multiple immune cells, such as B cells, CD8+ T cells, macrophages, neutrophils, and dendritic cells. The functional analysis revealed that FBXO28 may be involved in protein transport, protein deubiquitination, EGFR signaling pathway, and regulation of actin cytoskeleton.



FBXO32

The promoter hypermethylation of FBXO32 was responsible for its downregulation in ovarian cancer cells. A profound methylation frequency of FBXO32 was detected in advanced-stage ovarian cancer, which predicted a shorter progression-free survival (48). The re-expression of FBXO32 dampened cell growth in platinum-resistant ovarian cancer as a result of being re-sensitized to cisplatin and increased apoptosis (48). A similar situation of aberrant methylation of FBXO32 could be found in esophageal squamous cell carcinoma (49). Furthermore, FBXO32 inhibited breast cancer oncogenesis and progression via interacting with KLF4 for its ubiquitination and degradation, a critical factor for cell fate decisions (50). Consistent with our findings, we also found aberrant promoter methylation of FBXO32, but the discordant result was that FBXO32 was hypomethylated and highly expressed in PanIN and PDAC, in comparison to normal tissues, as well as closely relevant in cell stemness, tumor size, lymphatic metastasis, tumor differentiation, tumor staging, and the prognosis of PDAC patients. Among pancreatic precancerous lesions, FBXO32 had the highest expression in IPMC. Furthermore, FBXO32 expression is also related to immune infiltration, e.g., CD8+ T cells, NK cells, macrophages, neutrophils, and dendritic cells. The functional analysis demonstrated that FBXO32 may be involved in cell differentiation, angiogenesis, regulation of actin cytoskeleton, and PI3K-Akt signaling pathway, which remains to be further explored.



FBXO45

FBXO45 propelled ubiquitin-mediated proteolysis of the tumor-suppressor PAR4 to control cancer cell survival (51). Specifically, E3 ubiquitin ligase FBXO45 could interact with PAR4, a PRKC apoptosis WT1 regulator, via a short consensus sequence motif in the cytoplasm to influence its ubiquitylation and proteasomal degradation, which, in turn, governs cell apoptosis (51). Furthermore, FBXO45 modulated the process of EMT via mediating the ubiquitination and degradation of substantial EMT-related transcription factors, such as Twist1, Snai1/2, and Zeb1/2, in tumor cells (52). In gastric cancer, the expression levels of FBXO45 in tumor tissues were increased compared with those in normal tissues. Unexpectedly, patients with high FBXO45 expression had longer survival than those with low expression (53). Herein we found that FBXO45 expression was markedly upregulated in PDAC tissues in both mRNA and protein levels and was inversely relevant in the OS and DFS of PDAC patients based on multiple online databases. FBXO45 expression was related to the degree of tumor differentiation, tumor staging, and P53 mutation in PDAC. The expression level of FBXO45 was higher in IPMC than in normal pancreatic tissues. Additionally, the expression levels of FBXO45 were related to immune infiltration, i.e., B cells, CD8+ T cells, CD4+ T cells, NK cells, macrophages, neutrophils, and dendritic cells. The functional analysis showed that FBXO45 was involved in ErbB signaling pathway and T cell receptor signaling pathway.

Among six-FBXOs, FBXO32 had attracted our attention since it exhibited a strong correlation with all the clinicopathological parameters investigated as detailed above. In terms of prognosis, FBXO32 expression could well predict the clinical outcomes of PDAC patients in both OS and DFS. For diagnosis, FBXO32 was tightly associated with clinicopathologic characteristics, cell stemness, and immune infiltration. Besides this, we noticed that FBXO32 was not only significantly upregulated in PDAC tissues but also highly expressed in some precancerous tissues, such as IPMC and PanIN, which provided a strong support for the early diagnosis of PDAC. Regarding treatment, we speculated that FBXO32 was likely to play a role in PDAC initiation and progression as well as reprogramming of the tumor immune microenvironment through regulating cell differentiation, angiogenesis, actin cytoskeleton, and some important signaling pathways, such as PI3K/Akt signaling pathway. By developing therapeutic agents targeting FBXO32, it is possible to control and block the development and malignant transformation of PDAC. Therefore, FBXO32 might be a promising prognostic/diagnostic/therapeutic target for PDAC.




Conclusion

In the present study, we identified that FBXO1, FBXO20, FBXO22, FBXO28, FBXO32, and FBXO45 are highly expressed in PDAC tissues, which are potential unfavorable prognostic factors for PDAC patients. The six FBXOs are strongly associated with clinicopathological features, promoter methylation, immune infiltration, and genetic mutation in PDAC based on different public databases. So far, there is a paucity in the literature studying the roles of six-FBXOs in PDAC. Therefore, the specific roles and underlying mechanisms of six-FBXOs in PDAC are worth further investigation through a large number of related experiments in vitro and in vivo. To sum up, our study indicates that six-FBXOs might act an oncogenic role to promote PDAC progression and serve as the potential targets for PDAC diagnosis and treatment.
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Background

As a crucial constituent part of Polycomb repressive complex 2, PHD finger protein 19 (PHF19) plays a pivotal role in epigenetic regulation, and acts as a critical regulator of multiple pathophysiological processes. However, the exact roles of PHF19 in cancers remain enigmatic. The present research was primarily designed to provide the prognostic landscape visualizations of PHF19 in cancers, and study the correlations between PHF19 expression and immune infiltration characteristics in tumor microenvironment.



Methods

Raw data in regard to PHF19 expression were extracted from TCGA and GEO data portals. We examined the expression patterns, prognostic values, mutation landscapes, and protein-protein interaction network of PHF19 in pan-cancer utilizing multiple databases, and investigated the relationship of PHF19 expression with immune infiltrates across TCGA-sequenced cancers. The R language was used to conduct KEGG and GO enrichment analyses. Besides, we built a risk-score model of hepatocellular carcinoma (HCC) and validated its prognostic classification efficiency.



Results

On balance, PHF19 expression was significantly higher in cancers in comparison with that in noncancerous samples. Increased expression of PHF19 was detrimental to the clinical prognoses of cancer patients, especially HCC. There were significant correlations between PHF19 expression and TMB or MSI in several cancers. High PHF19 levels were critically associated with the infiltration of myeloid-derived suppressor cells (MDSCs) and Th2 subsets of CD4+ T cells in most cancers. Enrichment analyses revealed that PHF19 participated in regulating carcinogenic processes including cell cycle and DNA replication, and was correlated with the progression of HCC. Intriguingly, GSEA suggested that PHF19 was correlated with the cellular components including immunoglobulin complex and T cell receptor complex in HCC. Based on PHF19-associated functional gene sets, an eleven-gene prognostic signature was constructed to predict HCC prognosis. Finally, we validated pan-cancer PHF19 expression, and its impacts on immune infiltrates in HCC.



Conclusion

The epigenetic related regulator PHF19 participates in the carcinogenic progression of multiple cancers, and may contribute to the immune infiltration in tumor microenvironment. Our study suggests that PHF19 can serve as a carcinogenic indicator related to prognosis in pan-cancer, especially HCC, and shed new light on therapeutics of cancers for clinicians.
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Introduction

Cancer is a major concern regarding public health and the primary cause of death worldwide, and the incidence and mortality are rapidly increasing globally (1). Although cancer treatment has improved substantially over the last decades and currently allows cures for many previously fatal cases, large quantities of patients still experienced therapeutic failure and succumbed to cancer (2). Accordingly, there is a dire need to clarify the molecular mechanisms elucidating patterns of cancer pathogenesis and to identify reliable biomarkers for the early detection, diagnosis and treatment of cancers (3). Since the first human genome sequencing in 2001, comprehensive genomic characterization of tumors has become a major goal in the field of cancer research, and recent advances in sequencing technologies and computational analytical methods have revolutionized cancer research studies (4). Large-scale genomics projects like The Cancer Genome Atlas (TCGA) database, and the public repository named the NCBI Gene Expression Omnibus (GEO), provide matched molecular and clinical data of various cancers, which helps systematically analyze the survival impact of single gene expression. Currently, the application of cancer biomarkers has aroused great interest among scientists, which encourages researchers to explore novel prognostic biomarkers and therapeutic targets.

Polycomb group (PcG) proteins, as a class of widely-studied epigenetic modifiers, form large multiprotein complexes that serve as chromatin-modifying or -remodeling enzymes and participate in maintaining cell identity and cell differentiation, by keeping the transcriptional repression of functional genes which regulate developmental processes or cell-cycle progression (5, 6). Dysregulation of PcG proteins was reported to play pivotal roles in the anomalous activation of cellular differentiation, carcinogenesis, cancer development and progression (7). PcG proteins generally assemble in two functionally distinct Polycomb repressive complexes (PRCs) referred to as PRC1 (responsible for H2AK119 monoubiquitylation) and PRC2 (catalyzing H3K27 methylation) (8). The PRC2 core formed by enhancer of zeste homolog 1/2 (EZH1/2), suppressor of zeste 12 (SUZ12), the embryonic ectoderm development (EED) and retinoblastoma-binding protein 4/7 (RBBP4/7), can interact with several substoichiometrical accessory proteins that modulate its function, including Polycomb-like (PCL) proteins (9, 10). The Pcl gene was initially identified in Drosophila melanogaster (11), and three mammalian homologs of Drosophila Pcl have been characterized to date, termed PCL1 [also named PHD finger protein 1 (PHF1)], PCL2 [also named Metal response element binding transcription factor 2 (MTF2)], and PCL3 [also named PHD finger protein 19 (PHF19)], respectively (12). These PCL proteins are PRC2-relevant factors that form sub-complexes with PRC2 core components, and regulate the enzyme activity of PRC2 or its recruitment to the target loci (13).

PHD finger protein 19 (PHF19), namely PCL3, is an critical component of PRC2 that acts as a transcriptional repressor of several developmentally regulated genes and functions as a pivotal regulator of various biological processes (14). PHF19 protein contains a single Tudor domain followed by two plant homeodomain (PHD) fingers and an extended homologous (EH) domain, and binds trimethylated histone H3 Lys36 (H3K36me3) through its Tudor domain (15, 16). Direct recognition of H3K36me3 by PHF19 is a requisite for the complete enzyme activity of PRC2 complex and serves to recruit PRC2 and H3K36me3 demethylases NO66 or KDM2b to specific genomic loci to facilitate the removal of H3K36me3 active mark and deposition of histone H3 Lys27 trimethylation (H3K27me3) (16, 17). Previous researches have elucidated that PHF19 is overexpressed in multiple cancerous tissues compared with the normal tissue counterparts. For instance, PHF19 expression is present in all subgroups of multiple myeloma (MM) and is preferentially upregulated in high-risk MM (18). Aberrant overexpression of PHF19 has also implicated in gastric cancer, associated with cancer cell differentiation and poor prognosis for patients (19). Significantly elevated in the advanced stages of Glioblastoma (GBM), PHF19 was reported to block the degradation of β-catenin via transcriptional repression of SIAH1 and promote the progression of GBM (20). Tissue microarray analysis of surgically resected paired colorectal cancer (CRC) samples showed that PHF19 protein was overexpressed in CRC tissues compared with paired adjacent normal tissues (21). Nevertheless, despite the efforts to understand the roles of PHF19 in multiple cancers, a comprehensive analysis that determines the genetic targets and mis-regulated pathways controlled by PHF19 has not been reported so far, and the molecular contributions of PHF19 remain elusive.

In the current research, we conducted a integrative pan-cancer analysis of tumor samples from public databases. We investigated the expression patterns of PHF19 in normal tissues, various cell lines and cancers, and estimated the prognostic values of PHF19 in pan-cancer based on multiple databases. Besides, we explored the links between PHF19 expression and tumor mutation burden (TMB), microsatellite instability (MSI), immune checkpoints and immune infiltration, and identified the specific genes and signaling pathways involved in the regulation of cancer development by PHF19. Finally, due to the fact that functional enrichment analysis of PHF19 was obviously correlated with hepatocellular carcinoma (HCC), we constructed a PHF19-related prognostic risk-score model for HCC patients and performed a validation of this model in an external dataset. These findings may have important implications in guiding basic research as well as clinical practice.



Materials And Methods


Data Acquisition and Processing

As a landmark cancer genomics project, TCGA molecularly characterized more than 20,000 primary cancer and corresponding normal tissues across 33 cancer types (22). In our analysis, TCGA transcriptome RNA-seq data and clinical information were downloaded using the UCSC Xena platform (23). Transcripts per million (TPM) and fragments per kilobase million (FPKM) were used for quantification and comparison. Besides, two liver hepatocellular carcinoma (LIHC) cohorts and matched clinical data used in our study were respectively obtained from the Genomic Data Commons (GDC) Data Portal (https://portal.gdc.cancer.gov/) and the GSE14520 dataset from the GEO database (24).



Patients and Clinical Specimens

All the biospecimens are provided by Nanjing multicenter biobank, biobank of Nanjing Drum Tower Hospital, the Affiliated Hospital of Nanjing University Medical School. Written informed consents were obtained from all subjects, and normalized ethnic audit has been proceeded.



Reagents

Antibody recognizing PHF19 (Proteintech, 11895-1-AP) was purchased from Proteintech. For flow cytometry analysis, antibodies against CD14 (clone M5E2, 301808), CD11b (clone M1/70, 101205), CD33(clone WM53, 303404), CD4 (clone OKT4, 317416), IL-4 (clone MP4-25D2, 500806) were purchased from BioLegend. For RT-qPCR, the primers were as follows: PHF19 forward primer 5’-ACTCGGGACTCCTATGGTGC-3’, reverse primer 5’-CCTCCGTCAGTTTGGACATCA-3’; and GAPDH forward primer 5’-GGAGCGAGATCCCTCCAAAAT-3’, reverse primer 5’-GGCTGTTGTCATACTTCTCATGG-3’.



Analysis of PHF19 mRNA Expression Profiles

The mRNA expression profiles of PHF19 in major tissues and organs of human body were explored in the Human Protein Atlas (HPA), as well as the single cell transcriptomics analysis (25). Transcript levels of PHF19 in different cancers were analyzed using the ONCOMINE database (26), under the settings of P-value = 0.001 and fold change (FC) = 1.5, and in the “Gene_DE” module of TIMER2.0 database (27). Differential mRNA expression analysis of normal and tumor samples, and pathological stage analysis of PHF19, were performed in the “Single Gene Analysis” module of GEPIA (28). “Expression on Box Plots” module was used to depict box plots of expression differences between tumors and matched normal samples of the GTEx database, with the thresholds set as a P-value cutoff of 0.01 and log2FC cutoff of 1, and “Match TCGA normal and GTEx data” was set. The log2(TPM + 1) data was applied for log-scale.



Survival Analysis

Cox regression analysis for TCGA datasets was performed using RStudio software (version 1.2.5042) with the “survival” and “forestplot” package to investigate the correlation between PHF19 expression and cancer prognosis, including overall survival (OS) and disease-specific survival (DSS). We calculated the log-rank P-value and hazard ratio (HR) with 95% confidence intervals (95% CI) via the “survival” package and utilized the “forestplot” package to visualize the survival analysis. The Kaplan-Meier plotter, which is a web database aiming to evaluate the effect of 54,000 genes on survival in 21 tumor types (29), was used to determine PHF19 expression-associated OS outcomes of patients. Additionally, the GEPIA2 database was also utilized to determine the correlation between PHF19 mRNA expression and OS and disease-free survival (DFS) of cancers (30).



Genomic Alterations and Mutation Profiles

Based on the cBioPortal tool (http://www.cbioportal.org/), PHF19 mutation frequency and general mutation count in cancer patients were calculated to analyze the genomic alterations of PHF19 in various TCGA cancer types (31). The genome alterations of PHF19 included copy number amplification, deep or shallow deletion, missense mutation with uncertain significance and mRNA upregulation. Tumor mutation burden (TMB) is calculated as total somatic nonsynonymous mutation counts in coding regions and emerging as a biomarker for predicting immunotherapy effect. Microsatellite instability (MSI) refers to the nucleotide insertions or deletions in the microsatellite loci. The TMB and MSI scores were obtained from TCGA database and analyses regarding association between PHF19 expression and TMB or MSI were conducted by R language.



Immune Infiltration Analysis

The ESTIMATE algorithm (32), which is a method that infers the fraction of immune and stromal cells in tumor samples via analysis of gene expression signatures, was applied to evaluate the immune cell infiltration levels (ImmuneScore) and the abundance of stromal components (StromalScore) for each TCGA sample in the RStudio software with the “estimate” package. The relationships of PHF19 expression with immune or stromal scores in several cancers were visualized as scatter plots. Higher ImmuneScore or StromalScore indicated larger proportion of immune or stromal components in tumor microenvironment (TME).

“Gene_Corr” module of TIMER2.0 database was utilized to explore the correlations between PHF19 expression and immune checkpoint-associated genes, including BTLA, CD27, CD274, CD276, CD28, CD40, CD70, CD80, CD86, CTLA4, HAVCR2, HHLA2, ICOS, ICOSLG, IDO1, IDO2, LAG3, PDCD1, TIGIT, TNFRSF9, and TNFSF9 across human cancers from the TCGA cohorts (33). The generated heatmap suggested statistical significance and provided the purity-adjusted partial Spearman’s rho value, which avoided the effect of outliers. Besides, “Immune-Gene” tool of TIMER2.0 database was applied to explore the association between PHF19 level and immune cell infiltration in all TCGA cancers. Immune cells including myeloid-derived suppressor cells (MDSCs), Th1 and Th2 subsets of CD4+ T cells were selected. The TIDE and XCELL algorithms were applied to estimate the immune infiltration and the results were depicted as a heatmap and scatter plots.



Enrichment Analysis

The protein-protein interaction (PPI) network was established applying the Search Tool for the Retrieval of Interacting Genes (STRING) with the following input parameters: “evidence”, “experiments”, and 0.200 confidence level (34). The protein interaction file from STRING database was imported into the Cytoscape software (version 3.8.2) for PPI network construction, visualization and analysis (35). Besides, we adjusted the parameter “minimum required interaction score” to conformity = 0.150 and set the parameter “max number of interactors to show” as “no more than 50 interactors”, in order to get access to experimentally determined PHF19-binding proteins.

“Similar Genes Detection” function of GEPIA2 database was utilized to acquire the first 100 PHF19-correlated genes based on the TCGA and GTEx datasets. “Correlation Analysis” module of GEPIA2 was applied to compute pair-wise gene expression correlations between PHF19 and selected genes, using the Pearson correlation method. We also used the “Gene_Corr” function of TIMER2.0 database to acquire the heatmap data of corresponding genes, containing the partial correlation coefficient (cor) and P-value calculated by the purity-adjusted Spearman’s rank correlation test. Meanwhile, the Venn diagram was generated by a Venn diagram tool (http://bioinformatics.psb.ugent.be/webtools/Venn/) to perform the intersection analysis of the PHF19-binding and associated genes. These two sets of genes were combined to perform Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis by Metascape portal, which is designed to offer a comprehensive gene list annotation and analysis resource for experimental biologists (36). The resulting enriched pathways were visualized using the “ggplot2” R package. Besides, we conducted the Gene Ontology (GO) analysis to access the molecular functions (MF) via the “clusterProfiler” R package and the result was visualized using the cnetplot function.

CancerSEA is a dedicated database that portrays single-cell functional status maps that involve fourteen functional states of more than 40,000 single cells across 25 cancer types, aiming at comprehensively decoding distinct functional states of cancer cells at single-cell resolution (37). In the present research, the CancerSEA database was applied for the functional analysis of PHF19. Further gene set enrichment analysis (GSEA) was performed to identify the significant pathways between low expression and high expression group of PHF19, and the top four terms of GO analysis and transcription factor targets were exhibited, using the “clusterProfiler” R package.



Construction and Evaluation of Prognostic Risk Model

Forty genes were extracted from the PHF19 functionally associated gene set obtained by GO-MF analysis as described above, and the “limma” R package was used to determine differentially expressed genes (DEGs) between TCGA HCC samples and normal controls. We conducted univariate and multivariate Cox regression analyses by the “survival” package, and performed LASSO regression using the “glmnet” package to acquire the most useful predictive genes. The risk assessment model was constructed based on the corresponding coefficients and then applied to patients to generate the risk score of each patient. Patients in TCGA LIHC cohort and GSE14520 cohort were respectively separated into high- and low-risk groups in accordance with the median value of risk scores. We evaluated the predictive capability of the risk model by survival analysis and Receiver Operating Characteristic (ROC) curves. Univariate and multivariate Cox regression analyses were then conducted to confirm the prognostic efficiency of the risk-score model, as well as other clinicopathological features. Nomograms were formulated by using the “rms” R package in RStudio.



Statistical Analysis

For experimental studies, at least three biological replicates were repeated. Data were shown as average values ± SEM. The P value was calculated using GraphPad Software.




Results


PHF19 Expression Profiles in Human Normal Tissues and Cancers

To determine the expression profiles of PHF19 in human normal tissues, we investigated the mRNA expression patterns of PHF19 in various non-tumor tissues and single cell types based on publicly available genome-wide expression data. As shown in Figure 1A, among all detected tissues and cell types, the highest PHF19 expression was observed in the monocytes, followed by the bone marrow and tonsil, based on the Consensus dataset created by integrating the data from three transcriptomics datasets (HPA, GTEx and FANTOM5). Low RNA tissue specificity was indicated since PHF19 was expressed in all tissues tested, with the consensus normalized expression (NX) in the vast majority of tissues > 1. With regard to RNA blood cell type specificity, interestingly, the PHF19 mRNA expression was obviously enriched in non-classical monocytes, when analyzing in the HPA/Monaco/Schmiedel datasets (Figure 1B). Non-classical monocytes express CD14lowCD16+ antigen and constitute about 10%-15% of blood monocytes (38). Our result indicated that PHF19 might be implicated in specific functions of these monocytes.




Figure 1 | PHF19 expression profiles in normal tissues and cancers. (A) PHF19 expression levels in normal tissues and cell types. (B) PHF19 expression levels in blood cell types. (C) Transcription levels of PHF19 in datasets of multiple cancers compared with noncancerous tissues. The figure was generated from the ONCOMINE database. (D) Expression levels of PHF19 in TCGA cancers were analyzed by TIMER2.0 database (*P < 0.05; **P < 0.01; ***P < 0.001). (E) Differences of PHF19 expression between cancers from the TCGA database and normal samples from the GTEx database (*P < 0.05). (F) PHF19 expression levels were assessed by the main pathological stages of ACC, BLCA, KICH, KIRC, LIHC, LUSC, and THCA. The log2(TPM + 1) for log-scale was used.



We next retrieved PHF19 mRNA expression levels over a cancer-wide range via the ONCOMINE database. The results determined that compared with that in the corresponding normal groups, PHF19 expression was higher in cancer tissues, such as brain and CNS cancer, breast cancer, colorectal cancer, gastric cancer, head and neck cancer, liver cancer, lung cancer, lymphoma, melanoma, pancreatic cancer, and sarcoma (Figure 1C). Yet in certain studies, PHF19 expression was lower in bladder cancer, breast cancer, leukemia, ovarian cancer, and prostate cancer. To further evaluate the expression status of PHF19 spanning various cancer types, we analyzed the TCGA RNA sequencing data by applying the TIMER2.0 approach. As presented in Figure 1D, PHF19 expression was significantly elevated in multiple cancer types, including BRCA (breast invasive carcinoma), CESC (cervical and endocervical cancer), CHOL (cholangiocarcinoma), COAD (colon adenocarcinoma), ESCA (esophageal carcinoma), GBM (glioblastoma multiforme), HNSC (head and neck cancer), KIRC (kidney renal clear cell carcinoma), KIRP (kidney renal papillary cell carcinoma), LIHC (liver hepatocellular carcinoma), LUAD (lung adenocarcinoma), LUSC (lung squamous cell carcinoma), PCPG (pheochromocytoma and paraganglioma), READ (rectum adenocarcinoma), STAD (stomach adenocarcinoma), and THCA (thyroid carcinoma), compared with their corresponding adjacent non-cancerous tissues. Meanwhile, PHF19 expression was markedly decreased in KICH (kidney chromophobe), PRAD (prostate adenocarcinoma), and UCEC (uterine corpus) than in their respective normal samples. By integrating data from the GTEx database as normal controls, we further performed differential-expression analysis of PHF19 between tumor and normal samples of DLBC (diffuse large B-cell lymphoma), LAML (acute myeloid leukemia), LGG (lower grade glioma), OV (ovarian serous), SKCM (skin cutaneous melanoma), and THYM (thymoma) (Figure 1E). Besides, we further evaluated the correlation of PHF19 expression with cancer pathological stages, including ACC (adrenocortical carcinoma), BLCA (bladder urothelial carcinoma), KICH, KIRC, LIHC, LUSC, and THCA (Figure 1F). The results determined a positive relationship between PHF19 level and advanced tumor stages.



Multifaceted Prognostic Analysis of PHF19 in Cancers

To investigate the clinical significance of PHF19 in cancer patients, we downloaded the TCGA mRNA sequencing and clinical information of 33 cancer types from the UCSC Xena platform and calculated the correlations of PHF19 expression with overall survival (OS) and disease-specific survival (DSS) of patients using the univariate Cox survival analysis. As shown in Figure 2A, the forest plots suggested that elevated PHF19 expression was significantly associated with worse OS in ACC (HR = 4.18, P < 0.001), KICH (HR = 5.06, P < 0.001), KIRC (HR = 2.64, P < 0.001), LGG (HR = 1.69, P = 0.002), LIHC (HR = 1.57, P < 0.001), MESO (mesothelioma) (HR = 2.16, P < 0.001), and PCPG (HR = 9.76, P < 0.001) patients, and also clearly correlated with worse DSS in ACC (HR = 4.27, P < 0.001), KICH (HR = 5.82, P < 0.001), KIRC (HR = 3.18, P < 0.001), LGG (HR = 1.83, P < 0.001), LIHC (HR = 1.48, P = 0.005), MESO (HR = 2.43, P = 0.006), and PCPG (HR = 12.65, P < 0.001) patients. These data showed that high expression of PHF19 was strongly associated with poor patient outcomes in multiple cancer types, which suggested that PHF19 may serve as a potential prognostic biomarker in pan-cancer. Of note, and in contrast, increased PHF19 expression was implicated in prolonged OS in THYM (HR = 0.32, P = 0.011).




Figure 2 | Multifaceted prognostic analysis of PHF19 in cancers. (A) Correlations of PHF19 expression with OS and DSS of patients using the Cox regression survival analysis (*P < 0.05; **P < 0.01; ***P < 0.001). (B) KM survival curves showed that PHF19 expression was highly associated with clinical outcomes in different cancers. (C) The survival maps and survival curves were depicted to perform OS and DFS analyses in cancers.



Kaplan-Meier (KM) survival curves comparing PHF19 high and low expressing patients were also constructed to further evaluate the prognostic potential of PHF19 via the Kaplan-Meier plotter database. The results revealed that high PHF19 expression predicted worse OS in BC (bladder carcinoma), KIRC, KIRP, LIHC, LUAD, LUSC, and UCEC, nevertheless, patients with higher PHF19 expression showed remarkably improved OS in HNSC, SARC, THCA, and THYM (all log-rank P values < 0.05) (Figure 2B). We next compared the survival contribution of PHF19 in multiple cancer types, estimated using Mantel-Cox test through the GEPIA2 database, and the survival maps accompanied with OS curves and disease-free survival (DFS) curves are presented in Figure 2C. High transcriptional levels of PHF19 were linked to unfavorable prognosis in OS of ACC, LIHC, MESO, and SKCM, and DFS analysis data showed that elevated PHF19 level was related to unfavorable prognosis for ACC, LGG, LIHC, and UVM (uveal melanoma) (all log-rank P values < 0.05). Overall, the above data indicated that PHF19 expression was significantly correlated with patient prognosis in various cancers, especially in LIHC, and the relevance of PHF19 to clinical outcomes may shed new light on the underlying pathogenesis of different tumors.



Mutation Landscape of PHF19 in Cancers

We inspected the genomic alterations and mutation profiles of PHF19 in the TCGA cancer cohorts by employing the cBioPortal database. As presented in Figure 3A, the highest alteration frequency of PHF19 appeared in UCEC patients with “mutation” as the predominant type, while the “amplification” type of copy number alteration (CNA) and copy number “deep deletion” were respectively the primary type in KICH and THCA. Besides, we detected altogether 72 mutation sites including 65 missense, 4 truncating, 2 inframe, and 1 fusion mutation between amino acids 0 and 580, and the types, sites and case number of PHF19 genomic alterations were shown in Figure 3B. We also analyzed the general mutation count of PHF19 in 10953 patients/10967 samples from TCGA datasets (Figure 3C). In addition, we investigated the association between PHF19 alteration and the clinical outcomes of UCEC cases, and found that UCEC patients with altered PHF19 showed improved prognosis in terms of progression-free survival (PFS) (log-rank P = 0.035), but not OS (log-rank P = 0.077), DFS (log-rank P = 0.101), and DSS (log-rank P = 0.224), compared with those without PHF19 alteration (Figure 3D). Meanwhile, since TMB and MSI are regarded as critical factors impacting on oncogenesis and progression of tumors, and affecting response to immunotherapy in cancers, we next performed association analyses between PHF19 expression and TMB/MSI spanning all TCGA tumor types. As shown in Figure 3E, PHF19 expression was positively correlated with TMB in ACC, BRCA, GBM, LGG, LUAD, LUSC, SARC, SKCM, and UCEC, while negatively correlated with TMB in ESCA, PRAD, THCA, and THYM cohorts (all P-values < 0.05). PHF19 expression was also positively correlated with MSI of BLCA, BRCA, CESC, OV, SARC, and UCEC, but negatively correlated with that of COAD, DLBC, LAML, and READ (all P-values < 0.05) (Figure 3F). These results may deserve further in-depth investigations.




Figure 3 | Mutation landscape of PHF19 in cancers. PHF19 alteration frequencies in various cancers (A) and mutation sites (B) were visualized. (C) The general mutation counts of PHF19 in TCGA samples. (D) Correlations between PHF19 alteration status and OS, DFS, PFS, and DSS of UCEC. Radar maps of correlations between PHF19 expression and TMB (E) or MSI (F) were plotted.





PHF19 Expression Correlates With Tumor Immune Infiltration

Tumor-infiltrating immune cells, as principal compositions of the TME, are frequently involved in tumor behaviors including cancer initiation, progression or metastasis, and are deemed as independent predictors of sentinel lymph node status and cancer prognosis (39). Given that PHF19 expression correlates with TMB and MSI which affect response to cancer immunotherapy, we next explored the correlations between PHF19 expression level and the abundance of immune cell infiltrates. By adopting the ESTIMATE method, we first computed the immune and stromal scores of cancer tissues. As Figure 4A indicated, PHF19 was correlated with the immune and stromal scores in KIRC, PRAD and THCA (all data P-values < 0.001). Since immune checkpoint-associated genes participate in the immunosuppressive mechanism that allows tumor cells to escape anti-tumor immunity (40), we next investigated the correlations between PHF19 expression and immune checkpoint-related genes, including BTLA, CD27, CD274, CD276, CD28, CD40, CD70, CD80, CD86, CTLA4, HAVCR2, HHLA2, ICOS, ICOSLG, IDO1, IDO2, LAG3, PDCD1, TIGIT, TNFRSF9, and TNFSF9 across human cancers from the TCGA cohorts, as shown in Figure 4B. Our results suggested that PHF19 expression was closely associated with almost all immune checkpoint-associated genes in BLCA, BRCA, HNSC, LIHC, PRAD and THCA, implying that PHF19 might conduce to immune escape in these tumors. Further, we calculated the correlation coefficients of PHF19 expression and immune infiltration levels by employing the TIDE and XCELL algorithms, and depicted the landscape of PHF19 correlating with immune cell infiltrates in various TCGA cohorts. The heatmap exhibited that PHF19 expression was positively and statistically significantly correlated with the immune infiltration of myeloid-derived suppressor cells (MDSCs) and Th2 subset of CD4+ T cells in the majority of cancers (Figure 4C). Intriguingly, PHF19 expression was also positively relevant to the infiltration abundance of CD4+ Th1 cells in 18 cancer types, with all correlation coefficients < 0.45, and negatively relevant to that in PRAD, with the correlation coefficient = -0.29. Representative scatter plots of MDSC infiltration level related to PHF19 expression were presented in Figure 4D, using the TIDE algorithm (with the correlation coefficient > 0.5). The results indicated that PHF19 expression was obviously positively correlated with the infiltration abundance of MDSCs in ACC (Cor = 0.645, P = 7.57e-10), KICH (Cor = 0.542, P = 3.15e-06) and LIHC (Cor = 0.669, P = 3.43e-46). As shown in Figure 4E, PHF19 expression was also significantly associated with the infiltration levels of CD4+ Th2 cells in ACC (Cor = 0.685, P = 2.27e-11), BLCA (Cor = 0.629, P = 6.29e-42), BRCA (Cor = 0.51, P = 7.19e-67), HNSC (Cor = 0.506, P = 2.70e-33), HNSC-HPV- (Cor = 0.506, P = 1.89e-27), KICH (Cor = 0.545, P = 2.72e-06), LIHC (Cor = 0.593, P = 3.37e-34), LUAD (Cor = 0.51, P = 6.23e-34), MESO (Cor = 0.553, P = 3.99e-08), PAAD (Cor = 0.505, P = 1.88e-12), SARC (Cor = 0.551, P = 8.36e-21), and THYM (Cor = 0.706, P = 1.31e-18). The profiles illustrated that PHF19, to a certain extent, was engaged in the immune infiltration-related pathways and served a critical role in the immuno-oncological interactions.




Figure 4 | PHF19 expression correlates with the immune infiltrates of tumors. (A) Top three scatter plots of correlation between PHF19 expression and immune and stromal scores in multiple cancers. (B) Correlations between PHF19 expression level and immune checkpoint-associated genes. (C) Correlations between PHF19 expression level and the infiltration level of MDSCs, Th1 and Th2 subsets of CD4+ T cells across TCGA cancers. Scatter plots of MDSC (D) and CD4+ Th2 cell (E) infiltration level related to PHF19 expression were presented.





Enrichment Analysis of PHF19-Related Partners

To further decipher the underlying molecular mechanisms by which PHF19 contributes to carcinogenesis, we next investigated the available experimentally confirmed PHF19-binding proteins and PHF19 expression-associated genes for pathway enrichment analyses. In total, 50 PHF19-interacted proteins were retrieved from the STRING database by experimental evidence, and the PPI network of proteins with confidence level > 0.200 was presented as Figure 5A. We next acquired the top 100 genes that associated with PHF19 expression based on TCGA and GTEx datasets by utilizing the GEPIA2 database. As seen in Figure 5B, the PHF19 expression was significantly positively correlated with the expression of WDR76 (WD repeat domain 76) (R = 0.62), FEN1 (flap structure-specific endonuclease 1) (R = 0.60), PRC1 (protein regulator of cytokinesis 1) (R = 0.59), KIFC1 (kinesin family member C1) (R = 0.59), NCAPG (non-SMC condensin I complex subunit G) (R = 0.59), and EZH2 (enhancer of zeste 2 polycomb repressive complex 2 subunit) (R = 0.57) genes (all P-values < 0.001). The correlation heatmap showed that PHF19 was positively related to the above genes in the majority of TCGA cancers (Figure 5C). Besides, we performed the Venn intersection analysis between the two datasets described above and identified a common member, namely EZH2 (Figure 5D). Further, these two datasets were combined to perform KEGG pathway and GO molecular function (MF) enrichment analyses. As presented in Figure 5E, several pathways including “p53 signaling pathway”, “microRNAs in cancer”, “hepatocellular carcinoma”, “apoptosis”, “DNA replication” and “cell cycle” were revealed as the most significantly enriched KEGG pathways, indicating that PHF19 was crucially involved in the development and progression of cancers, especially HCC. Meanwhile, the GO-MF enrichment analysis confirmed that five terms were highly enriched, such as histone binding, catalytic activity acting on DNA, DNA-dependent ATPase activity, helicase activity and ATPase activity (Figure 5F). We also performed single-cell analysis by using CancerSEA database, and determined that PHF19 clearly stimulated a multitude of carcinogenic processes, including promotion of the cell cycle, DNA damage, epithelial to mesenchymal transition (EMT), invasion, and proliferation in different cancer cell types (Figure 5G).




Figure 5 | Enrichment analysis of PHF19-related partners. (A) PPI network for PHF19 was constructed in Cytoscape. (B) The expression correlation between PHF19 and selected targeting genes, including WDR76, FEN1, PRC1, KIFC1, NCAPG, and EZH2. (C) The heatmap showed that PHF19 was positively related to the selected genes in TCGA cancers. (D) Venn diagram of PHF19-interacted and correlated genes. KEGG pathway (E) and GO molecular function (F) enrichment analyses were performed. (G) CancerSEA was utilized for single-cell analysis to determine the functions of PHF19. (H) GSEA analysis of PHF19-related signaling pathways in TCGA LIHC dataset.



To gain insight into the potential effect of PHF19 on HCC progression, we then downloaded the LIHC RNA-seq data from TCGA portal and performed GSEA analysis based on PHF19 expression level to identify the relevant pathways and underlying mechanisms. Enrichment score (ES) was calculated to compare the enrichment of genes in a ranked list. Our results indicated that PHF19 was significantly enriched in humoral immune response mediated by circulating immunoglobulin, immunoglobulin production, and pathways related to immunoglobulin complex and T cell receptor complex (Figure 5H). Moreover, we conducted the transcription factor target analysis, and found that DICER1 (dicer 1, ribonuclease III), GTF3A (general transcription factor IIIA), RUVBL2 (RuvB like AAA ATPase 2), and ZNF704 (zinc finger protein 704) were the main transcription factors participating in the PHF19-regulated pathways in HCC.



Construction and Evaluation of Prognostic Risk-Score Model

For assessing the application of PHF19-associated functional gene sets in HCC prognosis, we entered the variables in Figure 5F into a univariable Cox proportional hazard regression to analyze the training set, namely the TCGA LIHC cohort. This strategy led to an optimal eleven-gene prognostic model in HCC, and the formula was applied to calculate the risk score of each patient, as follows: RiskScore = 0.081 ∗ KIF2C + 0.026 ∗ SMARCC1 – 0.005 ∗ ASF1B + 0.032 ∗ RBBP4 + 0.031 ∗ MCM6 – 0.012 ∗ KIF11 – 0.089 ∗ RAD54L + 0.069 ∗ GINS1 + 0.123 ∗ CBX8 + 0.001 ∗ ANP32B – 0.084 ∗ SUZ12. To better validate the robustness of the model, GSE14520 cohort was used as the independent external validation dataset.

We first calculated and plotted the prognostic Kaplan-Meier survival curves predicted by this model in both internal and external datasets (Figures 6A, B). The results showed that patients with high risk scores had obviously less survival probability than low-risk patients, which meant the higher the score, the worse the prognosis. The distribution of risk scores, survival statuses, and signature gene expression patterns for HCC patients in training and validation sets were visualized in Figures 6C, D, respectively. In TCGA LIHC cohort, both univariate (HR = 4.01, p < 0.001) and multivariate (HR = 3.71, p < 0.001) Cox regression analyses determined that the prognostic signature was strongly associated with prognosis (Figure 6E). Moreover, as shown in Figure 6F, the risk score was correlated with prognosis in univariate COX regression model (HR = 1.97, p = 0.004) in GSE14520 cohort, and the multivariate analysis suggested that the risk score was capable to independently predict the prognosis of HCC after adjusting for gender, age, AFP, ALT, tumor size, multinodular, BCLC staging, CLIP staging, and TNM staging (HR = 1.65, p = 0.038). These results suggested that the eleven-gene prognostic signature performed well in predicting the prognosis of HCC patients, and could function as a useful tool to supplement the gold standard for clinical diagnosis. Additionally, we further performed the time-dependent ROC curve analysis to validate the predictive classification efficiencies of risk-score model in HCC, and the area under the curve (AUC) values for 0.5-, 1-, 2-, 3-, and 5-years overall survival were presented in Figure 6G. Finally, as shown in Figures 6H, I, we formulated the prognostic nomograms to anticipate the individualized survival probability based on TCGA LIHC cohort and GSE14520 cohort, which might contribute to efficacy assessment and managing patients.




Figure 6 | Construction and evaluation of prognostic risk-score model. We performed survival analyses between the high- and low-risk score groups in TCGA HCC cohort (A) and GSE14520 HCC cohort (B). The distribution of risk scores, survival statuses, and signature gene expression levels for HCC patients in training (C) and validation sets (D) were visualized. Univariate and multivariate Cox regression analyses were conducted for each clinical feature and risk-score model in TCGA dataset (E) and GSE14520 dataset (F). T, T stage; M, M stage; N, N stage; riskScore, risk-score model. (G) Time-dependent ROC curve analysis to assess the predictive efficacy of the prognostic signature. (H, I) Nomograms for quantitatively predicting the probability of 1-, 2-, and 3-year OS for HCC patients.





Validation of PHF19 Expression and Impacts of PHF19 on Immune Infiltrates in HCC

To ensure positive confirmation of pathophysiological roles of PHF19, we applied experimental validation to investigate its clinicopathological characteristics. We performed immunohistochemical (IHC) analyses in 78 cancer samples across BRCA, CESC, CHOL, COAD, ESCA, KIRC, KIRP, LIHC, LUAD, LUSC, PCPG, READ, and STAD, with three pairs of different surgical specimens analyzed per tumor type (Figures 7A–M). Adjacent or distant noncancerous tissues from the surgical margin were used as the control tissues. We found that the PHF19 protein expressions were significantly higher in tumor tissues in comparison with the control tissues, and the results were quantitated in Figure 7N, which indicated the extensive carcinogenic effects of PHF19.




Figure 7 | Immunohistochemical stainings of PHF19 in cancers. We detected the PHF19 protein expressions in BRCA, CESC, CHOL, COAD, ESCA, KIRC, KIRP, LIHC, LUAD, LUSC, PCPG, READ, and STAD (A–M) (N, distant noncancerous tissues from the surgical margin; P, adjacent noncancerous tissues from the surgical margin; T, tumor tissues). (N) The results were then quantitated. Data represent mean ± SEM.



In view of the prognostic value of PHF19 in HCC, we further studied the impacts of PHF19 expression on immune infiltration, by performing flow cytometry analysis on 15 clinical specimens diagnosed as HCC. MDSCs are a heterogeneous population of cells which expand during cancer, inflammation and infection, with a remarkable ability to suppress T-cell responses, and were defined as CD11b+ CD14- CD33+ in most tumors (41). We first determined the PHF19 mRNA levels in all samples, and patients were ranked according to PHF19 expression, and divided into low-, median- and high-PHF19 expression groups, respectively (Figure 8A). Significant differences were observed between these three groups. We found that the MDSC infiltration ratios were clearly higher in high-PHF19 expression group than in low-PHF19 group (Figures 8B, C), and PHF19 expression level was closely related to the degree of immune infiltration of MDSCs (Figure 8D). Similarly, we detected the infiltration of Th2 subsets of CD4+ T cells in specimens, which were defined as CD4+ IL4+. The results showed that hardly Th2 subsets can be detected in low-PHF19 expression group (Figure 8E). Collectively, these data indicated that PHF19 expression had noticeable effects on immune cell infiltration in HCC.




Figure 8 | PHF19 correlates with the immune infiltrates of MDSCs and Th2 subsets of CD4+ T cells in HCC. (A) PHF19 mRNA expression levels of HCC tissues from 15 patients, and patients were divided into low- (G1), median- (G2) and high-PHF19 expression (G3) groups. (B) Representative flow cytometric analysis of MDSCs proportion in specimens. (C) The degree of MDSC immune infiltration was higher in G3 group. (D) MDSCs proportions are proportional to the PHF19 levels. (E) Representative flow cytometric analysis of CD4+ Th2 cells proportion in specimens.






Discussion

The physiological functions of PRC2 complex are subjected to intricate cellular regulation, which is correlated with the enormous complexity of PRC2 components (42). Previous studies have proved that H3K36me3-binding activity is harbored in the Tudor motif of PRC2-associated PCL protein named PHF19, and the Tudor function of PHF19 is also essential for H3K27me3 and repression of previously described ‘poised’ developmental genes (43). Although investigators have gained some understanding of the regulation of Polycomb activity by PHF19, little is known about whether and how it drives tumor initiation, progression, and metastasis (13). Collectively, as a critical epigenetic related gene, PHF19’s potential roles in carcinogenesis and cancer development are worthwhile to be disclosed.

In the present study, we explored the pan-cancer expression profiles of PHF19, and the correlation between PHF19 aberrant expression and patient prognosis in different cancers. Compared with corresponding noncancerous tissues, PHF19 expression was significantly up-regulated across a range of cancers, which implied the extensively oncogenic characteristics of PHF19 in cancers and promising perspectives in the field of cancer research. This present result is consistent with findings of previous study in 2004 when PHF19 was first identified in human tissues and extends the work in important ways (44). COX regression analyses suggested that elevated PHF19 expression may lead to shorter OS and DSS in ACC, KICH, KIRC, LGG, LIHC, MESO, and PCPG, and Kaplan-Meier analyses revealed that high PHF19 expression predicted worse OS in BC, KIRC, KIRP, LIHC, LUAD, LUSC, and UCEC. Using Mantel-Cox test through the GEPIA2 database, we further validated that PHF19 overexpression was related to unfavorable DFS of ACC, LGG, LIHC, and UVM. Notably, these results particularly revealed PHF19 as a carcinogenic indicator of HCC prognosis, regardless of the prognostic algorithm. We further performed the enrichment analyses and identified that PHF19 was significantly enriched in cell cycle pathways, and related to the progression of HCC. Consistent with our results, past studies have shown that PHF19 knockdown resulted in the reduction of growth and cell cycle arrest in multiple myeloma (18), and reduced PHF19 levels in chronic myeloid leukemia cells arrested the cell cycle and promoted differentiation toward erythroid fate (45).

Cancer is a complicated disease involving complex reciprocal networks between tumor cells and the immune system. TME is composed of a variety of cell types, including mesenchymal cells and resident and infiltrating immune cells (46). Our initial exploration demonstrated that aberrant PHF19 expression was correlated with increased immune cell infiltration of MDSCs and Th2 subset of CD4+ T cells in the majority of cancers, which implied potential value of clinical application for PHF19 in cancer treatment. Ample evidence has supported that MDSCs are critical in regulating immune responses under pathological conditions, and play an prominent role in tumor angiogenesis, drug resistance, and promotion of cancer metastases (47). Past literature pointed that the discovery of CD4+ T cell subset-defining key transcription factors and framing of the Th1/Th2 paradigm ignited the CD4+ T cell field (48). CD4+ T cell subsets, such as Th1, Th2, Th17, and regulatory T (Treg) cells, serve pivotal functions in cancer immunity, among which the Th2 subset of CD4+ T cells secretes IL-4, IL-5, and IL-13, and activates B cells to become antibody-secreting plasma cells (49). It is worth noting that the balance between Th1 and Th2 differentiation is critical for immune homeostasis, and shift of Th1/Th2 balance towards Th2 cells is correlated with the immunosuppression and progression of cancer (50–52). Previously, researchers found that PHF19 restrained T cell senescence and sustained CD8+ T cell antitumor responses by orchestrating a transcriptional program extensively shared with miR-155 (53). Yet, more exact mechanisms underpinning the effects of PHF19 on tumor immunity remain to be elucidated. Cancer immunotherapies, especially immune checkpoint blockade therapy, have shifted the treatment of cancer by promoting complete and durable responses, and are now standard treatment for various malignant tumors (54). Unfortunately, only a small proportion of patients with certain cancer types respond to immunotherapy, probably due to inadequate immune activation to recognize tumor-specific antigens (55). Therefore, it is essential to identify additional potential therapeutic targets. Our current research showed that PHF19 levels demonstrated strong correlations with a variety of immune checkpoint molecules in BLCA, BRCA, HNSC, LIHC, PRAD and THCA. Moreover, in LIHC cohort, PHF19 was closely correlated with checkpoints including BTLA, CD27, CD274, CD276, CD28, CD40, CD70, CD80, CD86, CTLA4, HAVCR2, HHLA2, ICOS, IDO1, LAG3, PDCD1, TIGIT, TNFRSF9, and TNFSF9, indicating that PHF19 serves as a potential immune-related therapeutic target for HCC patients. In consequence, the present study points new directions for delineating the relationships between the epigenetic related PHF19 gene and immune cell infiltration within the TME, which may have important implications for exploring new strategies for cancer therapy.

As the fourth leading cause of cancer-related mortality globally, HCC imposes a huge health burden on society (56). To better explore new targets for early diagnosis and treatment, there is an urgent need to determine novel prognostic predictors and construct more reliable prognostic models of HCC. Our results provided evidence that elevated PHF19 expression indicated worse clinical outcomes in HCC patients. The GSEA results revealed that PHF19 was associated with the cellular components including immunoglobulin complex and T cell receptor complex in HCC, which provided new ideas for future research. Moreover, after the generation of eleven-gene prognostic signature, we performed a preliminary in silico validation using the external GEO dataset, which proved the effectiveness of the model. Taken together, the present study unveiled the complicated roles of PHF19 aberrant expression in the progression and prognoses of cancers, and summarized the pivotal signaling pathways associated with the pathophysiological functions of this epigenetic related gene. We also demonstrated that PHF19 played important roles in regulating tumor-infiltration of immune cells, and might exhibit beneficial therapeutic effects on cancer treatment. Enrichment Analysis highlighted the potential mechanistic basis of PHF19 in induction of HCC development, and the prognostic signatures derived from PHF19-related functional gene sets were validated to predict the overall survival of HCC independently. While these findings warrant further investigation, our research provides novel insights into the promising application prospects of PHF19 in the field of cancer research.
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Purpose

To investigate the efficacy and safety of transarterial chemoembolization (TACE) combined with lenvatinib plus PD-1 inhibitor (TACE-L-P) versus TACE combined with lenvatinib (TACE-L) for patients with advanced hepatocellular carcinoma (HCC).



Materials and Methods

Data of advanced HCC patients treated with TACE-L-P (TACE-L-P group) or TACE-L (TACE-L group) from January 2019 to December 2020 were prospectively collected and retrospectively analyzed. The differences in overall survival (OS), progression-free survival (PFS), tumor responses (based on modified Response Evaluation Criteria in Solid Tumors) and adverse events (AEs) were compared between the two groups. Potential factors affecting OS and PFS were determined.



Results

A total of 81 patients were included in this study. Among them, 41 received TACE-L-P and 40 received TACE-L. The patients in TACE-L-P group had prolonged OS (median, 16.9 vs. 12.1 months, P=0.009), longer PFS (median, 7.3 vs. 4.0 months, P=0.002) and higher objective response rate (56.1% vs. 32.5%, P=0.033) and disease control rate (85.4% vs. 62.5%, P=0.019) than those in TACE-L group. Multivariate analyses revealed that the treatment option of TACE-L, main portal vein invasion and extrahepatic metastasis were the independent risk factors for OS, while TACE-L and extrahepatic metastasis were the independent risk factors for PFS. In subgroup analyses, a superior survival benefit was achieved with TACE-L-P in patients with extrahepatic metastasis or tumor number >3 but not in those with main portal vein invasion. The incidence and severity of AEs in TACE-L-P group were comparable to those in TACE-L group (any grade, 92.7% vs. 95.0%, P=1.000; grade 3, 36.6% vs. 32.5%, P=0.699).



Conclusion

TACE-L-P significantly improved survival over TACE-L with an acceptable safety profile in advanced HCC patients, especially those with extrahepatic metastasis or tumor number >3 but without main portal vein invasion.
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Introduction

Hepatocellular carcinoma (HCC), representing 75%-85% of primary liver cancer, is one of the most prevalent and fatal malignancies worldwide (1). Although surgical resection, ablation and liver transplantation may provide curative potential for HCC, a majority of patients are diagnosed with advanced disease which is not amenable for these approaches and thus bear a poor prognosis with an expected median survival of 6-8 months (2–4).

The multikinase inhibitors sorafenib and lenvatinib are recommended as the first-line treatment of advanced HCC (2–4) on the basis of randomized trials demonstrating longer survival with sorafenib versus placebo (5, 6) and noninferiority of lenvatinib to sorafenib (7). However, the efficacy of monotherapy with these drugs is modest, and only a small survival benefit of about 3 months can be achieved with oral sorafenib (8). In this setting, transarterial chemoembolization (TACE) has been applied to providing local disease control in patients with acceptable liver function and tumor burden. It is supposed that the antiangiogenic agents in combination with TACE may effectively offset the post-TACE hypoxia-induced angiogenesis and, therefore, provide a superior antitumor effect for HCC (9, 10). In fact, many studies have suggested improved outcomes of this combination treatment compared with the use of a single drug or TACE alone for advanced HCC (11–14). But unfortunately, there still remained limited treatment responses with unsatisfied survival prolongation (11–13).

Recently, immune checkpoint inhibitors, including programmed death 1 (PD-1) and programmed death ligand 1 (PD-L1) inhibitors, have exhibited a promising clinical benefit to advanced HCC patients (15). Although phase III trials for anti-PD-1 monotherapy failed to meet their primary survival endpoints (16, 17), the studies testing combined treatments with PD-1/PD-L1 inhibitor and antiangiogenic agent showed exciting results (18–20). In a recent phase Ib study for evaluating the combination of lenvatinib and pembrolizumab (an anti-PD-1 antibody) in first-line treatment of unresectable HCC, an objective response rate (ORR) of 46.0% per modified Response Evaluation Criteria in Solid Tumors (mRECIST) and a median overall survival (OS) of 22.0 months were achieved (20). These impressive results suggested a promising therapeutic potential of the combination of lenvatinib plus PD-1 inhibitor in patients with HCC.

Since TACE possesses a local anticancer effect and may facilitate antitumor immunity but inevitably induces post-TACE angiogenesis (10, 21), and lenvatinib has an immunomodulatory effect on tumor microenvironment besides antiangiogenesis (22, 23), combining TACE and lenvatinib plus PD-1 inhibitor (TACE-L-P) may contribute to a synergistic anticancer activity for HCC. Accordingly, we hypothesized that the comprehensive therapy of TACE-L-P would be an effective treatment strategy for advanced HCC. Thus, we conducted this retrospective study to evaluate the efficacy and safety of TACE-L-P versus TACE combined with lenvatinib (TACE-L) in the patients with advanced HCC.



Materials and Methods


Study Design and Patient Selection

This study was approved by our institutional review board, and written informed consent was obtained from every patient. Data of consecutive patients with advanced HCC who received TACE-L-P or TACE-L at our institution between January 2019 and December 2020 were prospectively collected and retrospectively analyzed.

The inclusion criteria for this study were as follows: 1) age between 18 and 75 years; 2) confirmed diagnosis with HCC (2, 4, 24) accompanied by macrovascular invasion and/or extrahepatic metastasis (BCLC stage C or CNLC Stage IIIa/IIIb); 3) tumor recurrence after curative resection or ablation was allowed; 4) Eastern Cooperative Oncology Group performance status (ECOG PS) of ≤1; and 5) Child-Pugh class A/B. Patients were excluded if they 1) had central nervous system metastasis; 2) had history of organ transplantation; 3) previously received TACE, hepatic arterial infusion chemotherapy (HAIC), radiotherapy or systemic therapy; 4) had other malignancies in addition to HCC; or 5) had severe medical comorbidities including severe cardiac, pulmonary, renal or coagulation dysfunction.

All laboratory test data were collected within 3 days before the initial treatment. Contrast-enhanced computed tomography (CT) or magnetic resonance imaging (MRI) was performed within 7 days before the initial treatment.



TACE Procedure

The patients received either conventional TACE (cTACE) or drug-eluting bead TACE (DEB-TACE) according to their own choice. For cTACE, an emulsion of 5-20 mL Lipiodol (Guerbet, Paris, France) mixed with 20-60 mg pirarubicin (Hisun Pfizer Pharmaceuticals, Fuyang, China) was administered into the tumor-feeding vessels, followed by embolization with polyvinyl alcohol particles (90-500 μm; Cook, Bloomington, Indiana, USA). For DEB-TACE, CalliSpheres (Hengrui Medical, Suzhou, China) or DC Bead (Biocompatibles, Farnham, Surrey, UK) with 100-300 μm in diameter was used as the drug carrier and embolization agent. Typically, one vial of the beads was loaded with 60 mg pirarubicin. If blushed tumors were still visible after the embolization with one vial of beads, regular microspheres (8spheres, Hengrui Medical, Suzhou, China; Embosphere, Biosphere Medical, Roissy en France, France) with diameters of 100-700 μm were additionally injected (25).

During TACE, superselective catheterization was performed, and the embolization end point was blood stasis of the tumor-feeding arteries. In patients with huge or bilobar multiple lesions, in order to reduce the risk of complications, the embolization end point was not achieved in the initial TACE but in the second or third TACE session (26). In the case of arterioportal or arteriovenous fistula, the fistula would be embolized with 300-710 μm polyvinyl alcohol particles before administration of the drug-oil emulsion or drug-loaded beads.

TACE was repeated “on demand” upon the demonstration of viable tumor by follow-up CT or MRI in patients without deteriorated performance status or organ function.



Lenvatinib and PD-1 Inhibitor Administration

Lenvatinib (Eisai, Tokyo, Japan) and PD-1 inhibitor was initiated within 7 days after the first TACE. Lenvatinib at a dose of 12 mg (bodyweight ≥60 kg) or 8 mg (bodyweight <60 kg) was orally administered once a day. The PD-1 inhibitor sintilimab (Innovent Biologics, Suzhou, China), tislelizumab (BeiGene, Shanghai, China) or camrelizumab (Hengrui Pharma, Lianyungang, China) was injected intravenously at 200 mg once every 3 weeks. The interruption and discontinuation of drug administration depended on the presence and severity of toxicities according to the drug directions.



Follow-Up

Regular follow-up was conducted for all patients at a 3-6-week interval after the initial treatment. Each follow-up session included a detail history, physical examination, hematologic and biochemical tests, contrast-enhanced abdominal CT or MRI, chest CT, and other imaging examination if clinically indicated. The final follow-up ended on June 30, 2021.

During follow-up, the treatment of TACE-L-P or TACE-L was discontinued in cases of intolerable toxicity, progressive disease (PD) or change of treatment plan. And, the choice of the subsequent treatment, such as second-line targeted agent, PD-1 inhibitor (for the patients treated with TACE-L), radiotherapy (including iodine-125 seed brachytherapy), HAIC or best supportive care, was determined according to the results of discussion by our multidisciplinary team and the patients’ request.



Assessments and Outcomes

OS and progression-free survival (PFS) were compared between TACE-L-P group and TACE-L group. OS was defined as the time from treatment initiation until death by any reason. PFS was defined as the time interval from treatment initiation to the first occurrence of PD or death, whichever occurred first.

Tumor responses were categorized as complete response (CR), partial response (PR), stable disease (SD) or PD according to mRECIST. Overall tumor response referred to the assessment of changes in tumor burden inside and outside the liver, while intrahepatic tumor response only included the assessment of changes in tumor burden inside the liver. ORR was defined as the percentage of patients who had a best tumor response rating of CR and PR. Disease control rate (DCR) was defined as the percentage of patients who had a best tumor response rating of CR, PR and SD.

Adverse events (AEs) related to treatments were recorded and assessed based on Common Terminology Criteria for Adverse Events (CTCAE) version 5.0. Postembolization syndrome (manifested by fever, abdominal pain, nausea, vomiting and increased white blood cell count) and transient abnormalities of liver enzyme after TACE (27, 28) were expected and would resolve within a short time, and therefore, they were not documented separately.



Statistical Analyses

Categorical data were expressed as number of patients (percentage). Quantitative data were expressed as mean ± standard deviation and median (range) for normally and non-normally distributed variables, respectively. Categorical data between the two groups were compared using χ2 test or Fisher’s exact test, as appropriate. Quantitative data were compared using Student’s t-test or Mann-Whitney U test, as appropriate. Survival curves were analyzed by Kaplan-Meier method using log-rank test. Variables with P<0.10 in univariate analysis were entered into a multivariate analysis using Cox regression model to identify the independent prognostic factors for OS and PFS. All statistical analyses were performed with SPSS Statistics version 22 (IBM, Armonk, New York, USA). All statistical tests were two-tailed, P<0.05 was considered statistically significant.




Results


Study Population

During the study period, 92 patients with advanced HCC who received TACE-L-P or TACE-L were screened for eligibility. Of these patients, 11 were excluded because they met the excluded criteria (Figure 1). Finally, 81 patients were included in this study (41 in the TACE-L-P group and 40 in the TACE-L group). Detailed baseline characteristics of the patients were summarized in Table 1. In both groups, about half of the patients had more than 3 intrahepatic tumors at diagnosis. The mean largest tumor size of TACE-L-P group and TACE-L group was 12.3 ± 4.8 cm and 13.6 ± 5.1 cm, respectively. Two groups were comparable in the demographic, clinical and tumor characteristics.




Figure 1 | Flow diagram of patient enrollment. HCC, hepatocellular carcinoma; TACE-L-P, transarterial chemoembolization combined with lenvatinib plus PD-1 inhibitor; TACE-L, transarterial chemoembolization combined with lenvatinib; TACE, transarterial chemoembolization; HAIC, hepatic arterial infusion chemotherapy.




Table 1 | Baseline characteristics of the patients.



The patients in TACE-L-P group underwent a total of 134 TACE procedures, with a median of 3 (range, 1-7). While the patients in TACE-L group underwent a total of 95 TACE procedures, with a median of 2 (range, 1-6). The mean duration of lenvatinib administration was 7.4 ± 3.8 (range, 1.2-15.6) months in TACE-L-P group and 4.3 ± 3.0 (range, 0.9-11.9) months in the TACE-L group (P<0.001). In the TACE-L-P group, the cycles of PD-1 inhibitor injection ranged from 2 to 22, with a mean of 9.9. The categories of PD-1 inhibitor the patients received were as follows: sintilimab for 30 (73.2%), tislelizumab for 6 (14.6%) and camrelizumab for 5 (12.2%).



Survival

The follow-up duration ranged from 4.6 to 29.8 months, with a median of 13.7 months. During follow-up, 27 patients (65.9%) in the TACE-L-P group and 30 patients (75.0%) in the TACE-L group died. Compared with the patients in TACE-L group, the patients in TACE-L-P group had significantly better survival outcomes (Figure 2). The median OS was 16.9 (95% confidence interval [CI] 14.9-18.8) months in TACE-L-P group and 12.1 (95% CI 10.7-13.5) months in TACE-L group (P=0.009). The median PFS was 7.3 (95% CI 6.0-8.7) months in TACE-L-P group and 4.0 (95% CI 2.7-5.3) months in TACE-L group (P=0.002). Additionally, the median OS and PFS of the patients treated with sintilimab were comparable to those of the patients treated with tislelizumab/camrelizumab (OS, 17.0 months [95% CI 14.4-19.6] vs. 16.9 months [95% CI 9.6-24.1], P=0.210; PFS, 7.5 months [95% CI 6.8-8.2] vs. 6.2 months [95% CI 4.6-7.7], P=0.381) in the TACE-L-P group (Supplementary Figure 1).




Figure 2 | Kaplan-Meier analyses of overall survival (A) and progression-free survival (B) according to treatment groups. TACE-L-P, transarterial chemoembolization combined with lenvatinib plus PD-1 inhibitor; TACE-L, transarterial chemoembolization combined with lenvatinib.





Prognostic Factors Analysis

Based on the results of the univariate and multivariate analyses (Table 2), treatment option (TACE-L vs. TACE-L-P; hazard ratio [HR]=2.065, 95% CI 1.208-3.533, P=0.008), extrahepatic metastasis (present vs. absent; HR=2.041, 95% CI 1.183-3.520, P=0.010) and main portal vein invasion (yes vs. no; HR=1.867, 95% CI 1.089-3.200, P=0.023) were identified as the independent prognostic factors for OS. In addition, treatment option (HR=2.243, 95% CI 1.344-3.743, P=0.002) and extrahepatic metastasis (HR=2.244, 95% CI 1.365-3.689, P=0.001) were also identified as the independent prognostic factors for PFS.


Table 2 | Analyses of prognostic factors for survival.



Subgroup analyses of factors for OS indicated that TACE-L-P treatment could provide a superior survival benefit in patients with no main portal vein invasion, tumor number >3 or extrahepatic metastasis, but failed to have a clinical benefit in patients with main portal vein invasion, tumor number ≤3 or no extrahepatic metastasis (Figure 3).




Figure 3 | Forest plot of the subgroup analyses for overall survival. HR, hazard ratio; CI, confidence interval; ECOG PS, Eastern Cooperative Oncology Group Performance Status; HBsAg, hepatitis B surface antigen; AFP, α-fetoprotein; PIVKA-II, protein induced by vitamin K absence or antagonist-II; TACE, transarterial chemoembolization; cTACE, conventional transarterial chemoembolization; DEB-TACE, drug-eluting bead transarterial chemoembolization; TACE-L-P, transarterial chemoembolization combined with lenvatinib plus PD-1 inhibitor; TACE-L, transarterial chemoembolization combined with lenvatinib.





Tumor Responses

Tumor responses for patients in the two groups were shown in Figure 4. The ORR of both overall tumor (56.1% vs. 32.5%, P=0.033) and intrahepatic tumor (65.9% vs. 37.5%, P=0.011) was higher in the TACE-L-P group than in the TACE-L group. A higher DCR was also achieved in TACE-L-P group when compared with TACE-L group (overall tumor, 85.4% vs. 62.5%, P=0.019; intrahepatic tumor, 95.1% vs. 77.5%, P=0.021). In addition, the ORR (overall tumor, 56.7% vs. 54.5%, P=1.000; intrahepatic tumor, 66.7% vs. 63.6%, P=1.000) and DCR (overall tumor, 86.7% vs. 81.8%, P=1.000; intrahepatic tumor, 96.7% vs. 90.9%, P=0.470) of the patients treated with sintilimab were similar to those of the patients treated with tislelizumab/camrelizumab in the TACE-L-P group (Supplementary Table 1).




Figure 4 | Treatment responses of overall tumor (A) and intrahepatic tumor (B) for the two groups. TACE-L-P, transarterial chemoembolization combined with lenvatinib plus PD-1 inhibitor; TACE-L, transarterial chemoembolization combined with lenvatinib; CR, complete response; PR, partial response; SD, stable disease; PD, progressive disease; ORR, objective response rate; DCR, disease control rate.





Safety

In total, treatment-related AEs were observed in 76 of the 81 patients (93.8%), and no grade 4/5 AEs occurred (Table 3). The frequency and severity of AEs was similar between the TACE-L-P group and the TACE-L group (any grade, 92.7% vs. 95.0%, P=1.000; grade 3, 36.6% vs. 32.5%, P=0.699). The AEs related to TACE, including ascites, pleural effusion, inguinal hematoma and intrahepatic biliary dilatation/biloma, were mild (≤ grade 2) and occurred in 6 (14.6%) and 7 (17.5%) patients in the TACE-L-P group and the TACE-L group (P=0.725), respectively. The AEs related to lenvatinib and/or PD-1 inhibitor occurred in 38 (92.7%) and 37 (90.0%) patients in the TACE-L-P group and the TACE-L group (P=1.000), respectively. In the TACE-L-P group, the incidences of overall and grade 3 AEs in the patients treated with sintilimab were similar to those in the patients treated with tislelizumab/camrelizumab (any grade, 93.3% vs. 90.9%, P=1.000; grade 3, 36.7% vs. 36.4%, P=1.000).


Table 3 | Treatment-related adverse events in the two groups.



Treatment-related AEs led to treatment interruption, dose reduction and treatment discontinuation of lenvatinib in 22 (53.7%), 21 (51.2%) and 3 (7.3%) patients, respectively, in the TACE-L-P group, and in 20 (50.0%), 20 (50.0%) and 3 (7.5%) patients, respectively, in the TACE-L group. Treatment-related AEs led to treatment interruption and discontinuation of PD-1 inhibitor in 10 (24.4%) and 6 (14.6%) patients in the TACE-L-P group, respectively. Discontinuation of both lenvatinib and PD-1 inhibitor because of AEs occurred in only 2 patients (4.9%).




Discussion

Our study showed that TACE-L-P conferred a significant survival benefit when compared with TACE-L in patients with advanced HCC. This finding was associated with an increase in median OS from 12.1 months to 16.9 months, which might be attributed to the higher ORR and DCR and the longer PFS achieved in patients receiving TACE-L-P rather than TACE-L. Multivariate analyses also revealed that combining PD-1 inhibitor on the basis of TACE-L was an independent predictor for prolonged OS and PFS. These results indicated that the triple combination treatment of TACE-L-P might be a superior treatment option in advanced HCC patients. The reasons might be as follows: 1) TACE lead to an extensive local necrosis of the tumor and may subsequently elicit anticancer immune responses that may be further boosted with PD-1 inhibitors (10, 21). 2) Lenvatinib is a multikinase inhibitor with antiproliferative and antiangiogenitic activities (22), which may counteract the hypoxia-induced angiogenesis after TACE (9, 10) and can regulate the tumor immune microenvironment and enhance immune response of PD-1 inhibitor in HCC (22, 23). Therefore, the combination of TACE, lenvatinib and PD-1 inhibitor may bring about a synergistic antitumor activity, contributing to improved clinical outcomes in advanced HCC patients.

Previous studies (29, 30) have assessed the combination of TACE, lenvatinib and PD-1 inhibitor for patients with unresectable HCC and reported a PFS of 11.4-13.3 months and an OS of 23.6-24.0 months, which seemed much longer than those for the patients treated with TACE-L-P in our study. However, it was worth noting that these studies enrolled a large proportion (25.0%-54.5%) of patients with HCC at BCLC stage B, who were expected to achieve better outcomes than those with BCLC stage C HCC in the present study. Additionally, the heavier tumor burden the patients borne in our study (largest tumor size of 12.3 ± 4.8 cm and a considerable proportion of patients with >3 intrahepatic tumors, bilobar tumor distribution, main portal vein invasion or extrahepatic metastasis) might also lead to a limited survival benefit of treatment. But then again, compared with TACE-L, TACE-L-P did provide a significant improvement in survival for the HCC patients with advanced disease.

In our study, the presence of main portal vein invasion or extrahepatic metastasis was identified as the independent risk factor for survival. These results were consistent with previous studies (31–34) and further confirmed that main portal vein invasion or extrahepatic spread had a profound adverse effect on prognosis in HCC patients. More notably, in subgroup analyses, a prolonged OS was observed with the treatment of TACE-L-P not in patients with main portal vein invasion but in those without main portal vein invasion, which implied that TACE-L-P might be better employed for HCC patients before the main portal trunk was involved so that an improved survival could be achieved. Furthermore, subgroup analyses also showed that TACE-L-P provided a better OS than TACE-L in the patients with extrahepatic metastasis or tumor number >3 but not in those with no extrahepatic metastasis or tumor number ≤3. The reasons might be that TACE exerted its antitumor property mainly by controlling intrahepatic lesions rather than extrahepatic metastases (9) and its effect on multiple tumors was also limited (35). Thus, a treatment strategy combining TACE with a more potent systemic therapy was urgently needed for patients with extrahepatic metastasis or multiple tumors. Our results revealed the necessity of the additional treatment with PD-1 inhibitor to TACE-L for such patients.

In our study, all the AEs with the combination of TACE and lenvatinib with/without PD-1 inhibitor were manageable and consistent with previously reported data on each individual treatment (7, 10, 12, 36). There were no new or unexpected AEs observed. Additionally, the incidence and severity of AEs in TACE-L-P group were comparable to those in TACE-L group. These results suggested that both the treatments of TACE-L-P and TACE-L were tolerable and combining PD-1 inhibitor with TACE-L did not significantly increase the risk of AEs compared with TACE-L, which revealed an acceptable safety profile of TACE-L-P.

In the present study, three different PD-1 inhibitors were used for the treatment of patients in TACE-L-P group. Although our results suggested that the tumor responses, survival and incidence of AEs in the patients treated with sintilimab were similar to those in the patients treated with tislelizumab/camrelizumab, the inconformity of treatment with these PD-1 inhibitors and its potential effects on treatment outcomes remained to be concerned. Additionally, our study had some other limitations. First, this study was a retrospective study, and the treatment option was individually determined based on the preference of the attending physician and the patient, which inevitably resulted in selection bias. Second, the sample size of this study was limited. The results of subgroup analyses should be cautiously interpreted. Consequently, validation of our findings by further randomized trials is necessary.

In conclusion, our study showed safety and promising outcomes with the treatment of TACE-L-P in patients with advanced HCC. These patients could benefit from TACE-L-P and had markedly better treatment responses and improved survival in comparison with TACE-L. These findings need to be confirmed in large sample, prospective randomized controlled trials.
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Background

Anti-programmed cell death protein 1 and its ligand (anti-PD1/PDL1) have been proposed as a promising therapeutic option for advanced biliary tract cancer (aBTC). Given the scarce quantitative analyses of anti-PD1/PDL1 in aBTC, we thus did a meta-analysis to assess the benefits and risks of this emerging treatment strategy in patients with aBTC.



Methods

PubMed, Embase, the Cochrane Library, Web of Science, and meeting resources were searched for relevant studies. The main endpoints were median progression-free survival (mPFS), median overall survival (mOS), objective response rate (ORR), disease control rate (DCR), any-grade adverse events (AEs), and grade 3–4 AEs.



Results

Twenty-eight studies with 1,338 participants were included. The best curative effect was found in the anti-PD1/PDL1 combined with anti-CTLA4 and chemotherapy group (mPFS: 12.4 months; mOS: 16.0 months; ORR: 45.1%; DCR: 95.0%), followed by the anti-PD1/PDL1 plus chemotherapy group (mPFS: 8.2 months; mOS: 14.8 months; ORR: 36.3%; DCR: 84.6%), the anti-PD1/PDL1 plus antiangiogenesis group (mPFS: 4.9 months; mOS: 10.2 months; ORR: 17.5%; DCR: 68.7%), the anti-PD1/PDL1 plus anti-cytotoxic T lymphocyte antigen 4 (anti-CTLA4) group (mPFS: 2.9 months; mOS: 8.3 months; ORR: 9.9%; DCR: 36.8%), and the anti-PD1/PDL1 monotherapy group (mPFS: 2.5 months; mOS: 7.6 months; ORR: 6.8%; DCR: 34.7%). Compared with anti-PD1-containing regimens, anti-PDL1-containing regimens achieved preferable mPFS (11.1 vs. 3.8 months), mOS (12.2 vs. 9.8 months), and ORR (23.7% vs. 17.4%), despite a similar DCR (61.1% vs. 61.3%). The mPFS, mOS, ORR, and DCR were 10.6 months, 15.8 months, 42.3%, and 88.6% of first-line anti-PD1/PDL1 and 3.0 months, 9.1 months, 11.6%, and 51.1% of second-line therapy or beyond, respectively. There were 80.6% and 34.0% of the patients suffering any-grade AEs and grade 3–4 AEs. Anti-PD1/PDL1 monotherapy might be considered as a safer alternative than combination regimens. Meanwhile, obvious toxicities in the first-line setting could not be neglected.



Conclusions

Anti-PD1/PDL1 showed encouraging efficacy and acceptable safety profile in aBTC and, thus, could be an alternative treatment.





Keywords: biliary tract cancer (BTC), anti-PD1, anti-PDL1, anti-CTLA4, antiangiogenesis, chemotherapy, meta-analysis



Introduction

Biliary tract cancer (BTC), including intrahepatic cholangiocarcinoma (ICC), extrahepatic cholangiocarcinoma, and gallbladder cancer, is a heterogeneous group of malignant tumors that arises from the epithelium of the bile duct or gallbladder. The incidence of BTC, which accounts for roughly 10%–15% of hepatobiliary malignancies, is increasing progressively worldwide (1–3). Unfortunately, BTC carries a poor prognosis with a 5-year survival rate between 5% and 18%. Diagnosing BTC at an early stage remains elusive given its insidious onset and strong invasion, which poses a barrier to prompt surgical intervention, the only potentially curative treatment for BTC (4). Even for patients suitable for surgery, radical resection rate is still low and relapse rate cannot be ignored (5). Accordingly, palliative chemotherapy remains the mainstay of treatment for the majority of patients suffering BTC. The ABC-02 and ABC-06 studies demonstrated the antitumor effects of gemcitabine plus cisplatin (GemCis) and modified fluorouracil plus oxaliplatin (mFOLFOX), respectively, which established GemCis as first-line therapy and mFOLFOX as second-line therapy (6, 7). Notwithstanding the above, the exact benefits of the recognized chemotherapy regimens are still dismal. Furthermore, beyond the second line, no standard chemotherapy regimen has emerged.

Immune checkpoint inhibitor (ICI) has the power to restore T-cell-mediated tumor cell killing and deplete regulatory T cells (Treg) by blocking immune checkpoint molecules like programmed cell death protein 1 (PD1), programmed cell death ligand 1 (PDL1), and cytotoxic T lymphocyte antigen 4 (CTLA4) (8, 9). This ability has earned extensive interest from researchers. The past decade has yielded tremendous insights into the antitumor activity of PD1/PDL1 antibodies, which has scored marvelous achievements in a range of solid tumors such as melanoma, non-small cell lung cancer, renal cell carcinoma, bladder cancer, and Hodgkin’s lymphoma (10–14). Upregulation of PD1 or PDL1 has been observed in BTC tumor tissues, justifying the use of anti-PD1/PDL1 in BTC (15–17). On the other hand, considerable attention has also been paid to the limited objective response rate (ORR) and acquired resistance of anti-PD1/PDL1 monotherapy (18, 19). That is why it is desirable to exploit efficient combination regimens with PD1/PDL1 inhibitors for BTC.

The addition of anti-CTLA4 to anti-PD1/PDL1 may have an enhanced efficacy on T-cell-mediated antitumor responses through non-redundant immune checkpoint blockade (20). The clinical benefits of this combination have been demonstrated in melanoma, renal cell carcinoma, and colorectal cancer (21–23). Meanwhile, the combination of anti-PD1/PDL1 and antiangiogenesis is another treatment regimen worth looking forward to. Apart from overexpression of vascular endothelial growth factor found in 53% ICC, antiangiogenic therapy also has synergistic effects with anti-PD1/PDL1 in the treatment of cancer through reducing Treg and immunosuppressive cytokines as well as converting the complex tumor microenvironment (24–27). Anti-PDL1 plus bevacizumab has shown amazing efficacy for hepatocellular carcinoma in the IMbrave150 study (28). What is more, conventional chemotherapy may enhance both innate and adaptive immunity and help recover immunosurveillance, supporting the rationale of using anti-PD1/PDL1 combined with chemotherapy (29, 30).

Herein, we did a meta-analysis for the following purposes: 1) to delineate the role of anti-PD1/PDL1 in advanced biliary tract cancer (aBTC), either as monotherapy or in combination with other therapies; 2) to make a comparison between anti-PD1 and anti-PDL1; and 3) to figure out the differences between first-line therapy and second-line therapy or beyond.



Materials and Methods

This meta-analysis was performed in accordance with the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines. This study was not registered.


Search Strategy

We systematically retrieved literature published from database inception up until May 7, 2021, by searching PubMed, Embase, the Cochrane Library, and Web of Science. There were no limitations on language, region, age, and duration of follow-up. We searched the following combined Medical Subject Headings (MeSH) terms and text word: “Biliary Tract Cancers,” “Cholangiocarcinomas,” “Gallbladder Cancers,” “PD1,” and “PDL1.” The search strategy used for PubMed is available in Supplementary File 1. In addition, reference lists of reviews and meeting resources (including abstracts and posters) of the American Society of Clinical Oncology (ASCO) and European Society of Medicine Oncology (ESMO) until September 30, 2021, were also scanned through manual search.



Selection Criteria

The inclusion criteria were as follows: 1) prospective or retrospective clinical studies; 2) patients diagnosed with aBTC and treated with anti-PD1/PDL1, either as monotherapy or combined with antiangiogenensis, anti-CTLA4, or chemotherapy; and 3) studies reporting any of the following outcomes: progression-free survival (PFS), overall survival (OS), ORR, disease control rate (DCR), any-grade adverse events (AEs), and grade 3–4 AEs.

The exclusion criteria were as follows: 1) editorials, letters, reviews, and case reports; 2) cell or animal experiments; 3) anti-PD1/PDL1 combined with drugs other than antiangiogenensis, anti-CTLA4, or chemotherapeutic agents; 4) no results provided or outcomes not relevant; and 5) duplicate studies.



Quality Assessment

Thirteen studies consisted of 11 prospective studies (31–41) and 2 retrospective studies (42, 43), which were assessed by the Risk Of Bias In Non-randomized Studies of Interventions (ROBINS-I) (44) and the JBI critical appraisal tool for case series (45), respectively. There were 14 studies [1 randomized study (46), 2 non-randomized comparative studies (47, 48), 10 single-arm studies (49–58), and 1 retrospective study (59)] with no full text available, which is why we gave up the corresponding quality assessments. What is more, we also did not assess the quality of one study reporting safety run-in results of a randomized, two-arm, non-comparative trial (60) due to the paucity of validated evaluation tools designed for this kind of trial.



Data Extraction

Data extraction was performed independently by two investigators (QJ and XL) whose disagreements would be settled by further discussion with a third investigator (GG). The following information from each study was recorded: first author, publication year, region, study type, median follow-up, disease status, drug, clinical setting, line of therapy, sample size, median age, gender, efficacy outcomes [including median progression-free survival (mPFS), 6-month PFS and 12-month PFS, median overall survival (mOS), 6-month OS, 12-month OS, ORR, DCR, complete response (CR), partial response (PR), stable disease (SD)], and safety outcomes (including any-grade AEs and grade 3–4 AEs). We used the package digitize of software R version 3.6.3 for obtaining survival data from the Kaplan–Meier curves (K-M curves). The number at risk, number censored, and number of events were estimated based on the method proposed by Tierney et al. (61).



Statistical Analysis

The pooled estimates of ORR, DCR, CR, PR, SD, any-grade AEs, and grade 3–4 AEs were calculated using STATA SE version 15. Besides subgroup analyses, we also provided pooled results after omitting studies that may be the source of heterogeneity. Heterogeneity across studies was evaluated by the Cochran Q chi-square test and I2 statistic, with P <0.1 for the Q test deemed to have high heterogeneity and I2 >50% regarded as an indicator of moderate-to-high heterogeneity. If separate verdicts from the Q test and I2 statistic were at opposite poles, we would give priority to the conclusion from the I2 statistic since the former is proverbially underpowered to detect heterogeneity (62). The robustness of the results was checked by sensitivity analyses. Funnel plots were drawn to evaluate publication bias. Moreover, Egger’s test was used to assess funnel plot asymmetry and P <0.1 indicated significant publication bias. Of note, the sensitivity of Egger’s test decreases when the number of included data was smaller than 20 (63), in which case we did not perform Egger’s test. Differences between groups were tested by the chi-square test using IBM SPSS Statistics 22.0, with two-sided P-value <0.05 considered significant.

The pooled K-M curves were plotted and analyzed using the package MetaSurv of software R version 3.6.3 (64). Heterogeneity was assessed by H statistic, with H <1.2 considered as being indicative of insignificant heterogeneity (65).

The fixed-effects model was used for analysis on the premise of low heterogeneity between studies; otherwise, the random-effects model was applied to pooled results.




Results


Study Selection and Characteristics

As shown in Figure 1, 887 studies were obtained through database searching and an additional five studies were found in other sources (reference lists of reviews, ASCO meetings, and ESMO meetings). Therefore, a total of 892 studies were identified. After removing duplicates, screening the title and abstract of the remaining studies, and assessing potentially relevant studies in detail, 28 studies were included in this meta-analysis.




Figure 1 | PRISMA flowchart of the study selection process. PRISMA, Preferred Reporting Items for Systematic Reviews and Meta-Analyses.



Twenty-eight studies involved 1,338 participants and 34 sets of data (five studies had more than one subgroup of interest (39, 43, 47, 48, 60), and we distinguished different subgroups by numbers, such as Oh2020[1], Oh2020[2], and Oh2020[3]). Tables 1, 2 provide details of the baseline characteristics and main outcomes of the included studies, respectively.


Table 1 | Baseline characteristics of included studies with anti-PD1/PDL1 in aBTC.




Table 2 | Main outcomes extracted from included studies with anti-PD1/PDL1 in aBTC.





Quality Assessment

Thirteen studies were performed with quality appraisal (Supplementary Table 1). Eleven prospective studies [including 1 non-randomized comparative study (39) and 10 single-arm studies (31–38, 40, 41)] evaluated by ROBINS-I were all at moderate risk of bias, thereby meeting the inclusion criteria. Two retrospective studies (42, 43) assessed by the JBI tool were also included in this meta-analysis.



Efficacy


Anti-PD1/PDL1 Monotherapy or in Combination With Other Therapies

The pooled K-M curves were built by data extracted from published K-M curves in 19 included studies (31–43, 47, 48, 50, 51, 54, 55). The pooled mPFS was 5.9 months (95% CI 5.2 to 6.6), and the estimated PFS rates were 49.5% at 6 months and 25.9% at 12 months (Figure 2A). The pooled mOS was 10.9 months (95% CI 10.1 to 11.7), and the 6- and 12-month OS rates were 70.4% and 45.2%, respectively (Figure 3A).




Figure 2 | Pooled Kaplan–Meier estimate of PFS. (A) Total group; (B) anti-PD1/PDL1 monotherapy, anti-PD1/PDL1 combined with antiangiogenesis or anti-CTLA4 or chemotherapy, or combination of anti-PD1/PDL1, anti-CTLA4, and chemotherapy; (C) anti-PD1-containing regimens and anti-PDL1-containing regimens; (D) first-line therapy and second-line therapy or beyond. Note: Heterogeneity was assessed by H statistic, with H <1.2 considered as being indicative of insignificant heterogeneity. Three studies had more than one subgroup of interest. Specifically, patients were allocated to the nivolumab group [Ueno2019(1)] or the nivolumab/GemCis group [Ueno2019(2)] in the Ueno2019 study; the PD1 inhibitor monotherapy group [Sun2019(1)] or the PD1 inhibitor plus chemotherapy group [Sun2019(2)] in the Sun2019 study; the biomarker group [receiving durvalumab/tremelimumab with GemCis, [Oh2020(1)], the durvalumab/tremelimumab with GemCis group [Oh2020(2)], or the durvalumab with GemCis group [Oh2020(3)] in the Oh2020 study. PFS, progression-free survival; mPFS, medium progression-free survival; CI, confidence interval; 6m-PFS, 6-month progression-free survival; 12m-PFS, 12-month progression-free survival; 18m-PFS, 18-month progression-free survival; 24m-PFS, 24-month progression-free survival; PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; CTLA4, cytotoxic T lymphocyte antigen 4; GemCis, gemcitabine + cisplatin.






Figure 3 | Pooled Kaplan–Meier estimate of OS. (A) Total group; (B) anti-PD1/PDL1 monotherapy, anti-PD1/PDL1 combined with antiangiogenesis or anti-CTLA4 or chemotherapy, or combination of anti-PD1/PDL1, anti-CTLA4, and chemotherapy; (C) anti-PD1-containing regimens and anti-PDL1-containing regimens; (D) first-line therapy and second-line therapy or beyond. Heterogeneity was assessed by H statistic, with H <1.2 considered as being indicative of insignificant heterogeneity. Four studies had more than one subgroup of interest. Specifically, patients were allocated to the nivolumab group [Ueno2019(1)] or the nivolumab/GemCis group [Ueno2019(2)] in the Ueno2019 study; the PD1 inhibitor monotherapy group [Sun2019(1)] or the PD1 inhibitor plus chemotherapy group [Sun2019(2)] in the Sun2019 study; the durvalumab group [Ioka2019(1)] or the durvalumab/tremelimumab group [Ioka2019(2)] in the Ioka2019 study; the biomarker group [receiving durvalumab/tremelimumab with GemCis, Oh2020(1)], the durvalumab/tremelimumab with GemCis group [Oh2020(2)], or the durvalumab with GemCis group [Oh2020(3)] in the Oh2020 study. OS, overall survival; mOS, medium overall survival; CI, confidence interval; 6m-OS, 6-month overall survival; 12m-OS, 12-month overall survival; 18m-OS, 18-month overall survival; 24m-OS, 24-month overall survival; PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; CTLA4, cytotoxic T lymphocyte antigen 4; GemCis, gemcitabine + cisplatin.



Among patients treated with anti-PD1/PDL1 monotherapy, the pooled mPFS was 2.5 months (95% CI 2.2 to 2.8), and the estimated PFS rates were 26.0% at 6 months and 14.4% at 12 months. The anti-PD1/PDL1 plus anti-CTLA4 group ended up with a similar mPFS of 2.9 months (95% CI 2.3 to 4.5), and the 6- and 12-month PFS rates were 27.5% and 8.1%, respectively. For patients receiving anti-PD1/PDL1 plus antiangiogenesis, the pooled mPFS was 4.9 months (95% CI 3.9 to 6.2), and the estimated PFS rates were 43.8% at 6 months and 17.0% at 12 months. For patients taking anti-PD1/PDL1 plus chemotherapy, the pooled mPFS was 8.2 months (95% CI 6.4 to 9.7), and the estimated PFS rates were 63.1% at 6 months and 26.9% at 12 months. Anti-PD1/PDL1 combined with anti-CTLA4 and chemotherapy elicited a longer mPFS of 12.4 months (95% CI 9.7 to 15.0), and the 6- and 12-month PFS rates were 83.8% and 51.9%, respectively (Figure 2B).

A similar trend was found in mOS. Anti-PD1/PDL1 monotherapy and anti-PD1/PDL1 plus anti-CTLA4 were very much similar [7.6 months (95% CI 6.4 to 9.2) vs. 8.3 months (95% CI 5.9 to 10.8)]. Anti-PD1/PDL1 plus antiangiogenesis reported a longer mOS of 10.2 months (95% CI 7.6 to 12.2), while the most impressive mOS was observed in anti-PD1/PDL1 plus chemotherapy with or without anti-CTLA4 [anti-PD1/PDL1 + chemotherapy + anti-CTLA4: 16.0 months (95% CI 11.9 to 19.1); anti-PD1/PDL1 + chemotherapy: 14.8 months (95% CI 12.3 to 17.5)]. The 6- and 12-month OS rates were 57.2% and 32.2% in anti-PD1/PDL1 monotherapy, 59.8% and 37.0% in anti-PD1/PDL1 plus anti-CTLA4, 68.7% and 43.2% in anti-PD1/PDL1 plus antiangiogenesis, 89.0% and 62.0% in anti-PD1/PDL1 plus chemotherapy, and 87.5% and 63.3% in anti-PD1/PDL1 combined with anti-CTLA4 and chemotherapy, respectively (Figure 3B).

In 28 studies reporting ORR (31–43, 46–60), the pooled ORR was 19.3%. The pooled ORRs of anti-PD1/PDL1 monotherapy, anti-PD1/PDL1 plus antiangiogenesis, anti-PD1/PDL1 plus anti-CTLA4, anti-PD1/PDL1 plus chemotherapy, and anti-PD1/PDL1 combined with anti-CTLA4 and chemotherapy were 6.8%, 17.5%, 9.9%, 36.3%, and 45.1% respectively, (Figure 4A).




Figure 4 | Pooled results of ORR, DCR, any-grade AEs, and grade 3–4 AEs in total and by medication regimen subgroup. (A) ORR; (B) DCR; (C) any-grade AEs; (D) grade 3–4 AEs. Five studies had more than one subgroup of interest. Specifically, patients were allocated to the nivolumab group [Ueno2019(1)] or the nivolumab/GemCis group [Ueno2019(2)] in the Ueno2019 study; the PD1 inhibitor monotherapy group [Sun2019(1)] or the PD1 inhibitor plus chemotherapy group [Sun2019(2)] in the Sun2019 study; the durvalumab group [Ioka2019(1)] or the durvalumab/tremelimumab group [Ioka2019(2)] in the Ioka2019 study; the biomarker group [receiving durvalumab/tremelimumab with GemCis, Oh2020(1)], the durvalumab/tremelimumab with GemCis group [Oh2020(2)], or the durvalumab with GemCis group [Oh2020(3)] in the Oh2020 study; the durvalumab/tremelimumab group [Boileve2021(1)] or the durvalumab/tremelimumab with paclitaxel group [Boileve2021(2)] in the Boileve2021 study. Note: Heterogeneity across studies was evaluated by the Cochran Q chi-square test and I2 statistic, with P <0.1 for the Q test deemed to have high heterogeneity and I2 >50% regarded as an indicator of moderate-to-high heterogeneity. If separate verdicts from the Q test and I2 statistic were at opposite poles, we would give priority to the conclusion from the I2 statistic since the former is proverbially underpowered to detect heterogeneity. Differences between groups were tested by the chi-square test using IBM SPSS Statistics 22.0, with two-sided P-value <0.05 considered significant. ORR, objective response rate; DCR, disease control rate; AEs, adverse events; ES, effect size; CI, confidence interval; PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; CTLA4, cytotoxic T lymphocyte antigen 4; GemCis, gemcitabine + cisplatin.



There were 27 studies reporting DCR (31–43, 46–48, 50–60), resulting in a pooled DCR of 61.1%. The pooled DCRs of anti-PD1/PDL1 monotherapy, anti-PD1/PDL1 plus antiangiogenesis, anti-PD1/PDL1 plus anti-CTLA4, anti-PD1/PDL1 plus chemotherapy, and anti-PD1/PDL1 combined with anti-CTLA4 and chemotherapy were 34.7%, 68.7%, 36.8%, 84.6%, and 95.0%, respectively (Figure 4B).

CR and PR were reported in 22 studies (31–43, 46, 48, 50, 51, 53–56, 60), while SD was reported in 27 studies (31–43, 46–48, 50–60). The pooled CR, PR, and SD in total and by medication regimen subgroup are recorded in Table 3.


Table 3 | Pooled results of CR, PR, SD in total and by medication regimens subgroup with anti-PD1/PDL1 in aBTC.





Anti-PD1-Containing Regimens and Anti-PDL1-Containing Regimens

Among patients taking anti-PD1-containing regimens, the pooled mPFS was 3.8 months (95% CI 3.0 to 4.3) and the 6- and 12-month PFS rates were 32.9% and 14.2%, respectively. The anti-PDL1-containing regimen group demonstrated a much longer mPFS of 11.1 months (95% CI 9.3 to 12.4), and the 6- and 12-month PFS rates were 74.7% and 44.4%, respectively (Figure 2C). Furthermore, the gap in mOS between these two regimens was nearly 3 months [9.8 months (95% CI 8.5 to 10.9) vs. 12.2 months (95% CI 10.9 to 14.1)]. The 6- and 12-month OS rates were 65.0% and 41.4% in the anti-PD1-containing regimen group and 78.9% and 50.9% in the anti-PDL1-containing regimen group, respectively (Figure 3C).

Eighteen studies (32–43, 51, 52, 56–59) reported the tumor response of anti-PD1-containing regimens, and 10 studies (31, 46–50, 53–55, 60) described that of anti-PDL1-containing regimens. Anti-PDL1-containing regimens yielded a higher ORR than anti-PD1-containing regimens (23.7% vs. 17.4%, P-value = 0.005), albeit an unconspicuous disadvantage in DCR (61.1% vs. 61.3%, P-value = 0.933). When combined with antiangiogenesis, anti-PDL1 was also superior to anti-PD1 in ORR (20.3% vs. 16.3%, P-value = 0.381), but they were equally matched in DCR (68.4% vs. 68.9%, P-value = 0.980). On the contrary, despite a narrow victory in ORR (7.6% vs. 6.2%, P-value = 0.474), anti-PDL1 monotherapy was defeated by anti-PD1 monotherapy in DCR (28.4% vs. 37.4%, P-value = 0.094). The detailed discrepancies between anti-PD1-containing regimens and anti-PDL1-containing regimens are elaborated in Table 4.


Table 4 | Pooled results of ORR, DCR, any-grade AEs, and grade 3–4 AEs of anti-PD1-containing regimens or anti-PDL1-containing regimens in aBTC.





First-Line Therapy and Second-Line Therapy or Beyond

The mPFS was 10.6 months (95% CI 9.2 to 11.8) for first-line therapy and 3.0 months (95% CI 2.7 to 3.8) for second-line therapy or beyond. The 6- and 12-month PFS rates were 76.3% and 41.8% for first line and 32.4% and 15.9% for second line or beyond (Figure 2D). Likewise, the mOS was also longer at first-line settings than at second-line settings or beyond [15.8 months (95% CI 12.7 to 18.2) vs. 9.1 months (95% CI 7.7 to 10.1)]. The 6- and 12-month OS rates were 90.4% and 62.4% for first line and 62.1% and 38.5% for second line or beyond (Figure 3D).

A comparison of the tumor response between first line and second line or beyond is shown in Table 5. At first-line setting, the ORR was obviously higher than that at second-line setting or beyond (42.3% vs. 11.6%, P-value < 0.001). The difference in DCR was also significant, with a higher rate being observed in first-line therapy than in second-line therapy or beyond (88.6% vs. 51.1%, P-value < 0.001).


Table 5 | Pooled results of ORR, DCR, any-grade AEs, and grade 3–4 AEs by line of therapy subgroup in aBTC.






Safety

There were 14 studies (31, 33–35, 38–43, 48, 50–52) reporting any-grade AEs and 15 studies (31–36, 38–43, 50, 51, 60) reporting grade 3–4 AEs. The overall pooled any-grade AE rate and grade 3–4 AE rate were 80.6% and 34.0% (Figures 4C, D). The most frequent any-grade AE was reactive cutaneous capillary endothelial proliferation (RCCEP, 45.1%), followed by hypertension (39.9%), hypoalbuminemia (36.0%), leukopenia (34.0%), decreased appetite (26.2%), and asthenia (25.8%) (Supplementary Table 2). Of note, RCCEP and hypoalbuminemia were only reported in two studies using camrelizumab (34, 38). Grade 3–4 AEs that occurred in more than 3% of the patients were hypertension (15.4%), γ-glutamyltransferase increase (9.4%), gastrointestinal hemorrhage (9.3%), elevated bilirubin (8.9%), leukopenia (6.2%), and thrombocytopenia (3.5%) (Supplementary Table 2).

Any-grade AEs occurred in 50.5% of the patients in the anti-PD1/PDL1 alone group, 99.4% of the patients taking anti-PD1/PDL1 plus antiangiogenesis, and 94.6% of the patients receiving anti-PD1/PDL1 plus chemotherapy (Figure 4C). After omitting two studies using anlotinib (50, 52), the incidence of any-grade AEs in the anti-PD1/PDL1 plus antiangiogenesis group was 99.9% (95% CI 99.4% to 100.4%; I2 = 0.0%; P = 0.605).

Grade 3–4 AEs occurred in 11.5% of the patients treated with anti-PD1/PDL1 monotherapy, 45.5% of the patients taking anti-PD1/PDL1 plus antiangiogenesis, and 65.1% of the patients receiving anti-PD1/PDL1 plus chemotherapy (Figure 4D). After omitting one study using anlotinib (50), the incidence of grade 3–4 AEs in the anti-PD1/PDL1 combined with antiangiogenesis group was 53.2% (95% CI 41.6% to 64.9%; I2 = 38.6%; P = 0.180).

At the safety evaluation, there were some differences between anti-PD1-containing regimens and anti-PDL1-containing regimens regarding any-grade AE rate (82.5% vs. 74.2%, P-value = 0.017) and grade 3–4 AE rate (33.3% vs. 35.1%, P-value = 0.750). Patients taking anti-PDL1 monotherapy were much more likely to have any-grade AEs than patients in the anti-PD1 monotherapy group (63.9% vs. 46.1%, P-value = 0.008) (Table 4). Heterogeneity for any-grade AEs of the anti-PD1 monotherapy group changed significantly after omitting two single-center studies (33, 43), which resulted in 57.5% (95% CI 50.9% to 64.2%; I2 = 0.0%; P = 0.739). In addition, when Sun2019(1) (43) was removed, there was no evidence of heterogeneity for grade 3–4 AEs of the anti-PD1 monotherapy group [11.8% (95% CI 7.9% to 15.7%; I2 = 0.0%; P = 0.629)].

We also saw a significant difference between first-line therapy and second-line therapy or beyond in the incidence of any-grade AEs (99.9% vs. 72.2%, P-value < 0.001). Additionally, first-line therapy revealed a higher grade 3–4 AE rate than second-line therapy or beyond (80.8% vs. 26.8%, P-value < 0.001) (Table 5).



Sensitivity Analyses

The sensitivity analyses of pooled estimates of tumor response and safety proved to be robust except any-grade AEs in the total group, in the anti-PD1/PDL1 plus antiangiogenesis group, in the anti-PD1 plus antiangiogenesis group, and in the second-line therapy or beyond. Supplementary Table 3 offers the pooled results after omitting the study that influenced the robustness of pooled any-grade AEs discussed above.



Publication Bias

Funnel plots and Egger’s tests were conducted in tumor response of the total group, ORR of anti-PD1-containing regimens, and ORR and DCR of second-line therapy or beyond (Supplementary Figure 1), all of which included no fewer than 20 sets of data. Except for DCR of second-line therapy or beyond (P = 0.235), the results of Egger’s test represented a possibility of publication bias (P < 0.001).




Discussion

To our knowledge, this meta-analysis was the first quantitative analysis to evaluate the efficacy and safety of anti-PD1/PDL1 in aBTC. With a majority of studies being non-comparative, we selectively extracted and analyzed data on survival, tumor response, and safety of the anti-PD1/PDL1 included arm.

On the whole, the pooled mPFS, mOS, ORR, DCR, any-grade AEs, and grade 3–4 AEs of aBTC patients receiving anti-PD1/PDL1 were 5.9 months, 10.9 months, 19.3%, 61.1%, 80.6%, and 34.0%, respectively. Nevertheless, heterogeneity caused by medication regimens and line of therapy came to light through subgroup analyses.

Our results showed that combination regimens with anti-PD1/PDL1 conferred an advantage in PFS, OS, ORR, DCR, PR, and SD over anti-PD1/PDL1 monotherapy. Furthermore, anti-PD1/PDL1 combined with chemotherapy with or without anti-CTLA4 was associated with impressively longer mPFS and mOS than other combination regimens. Likewise, tumor response was also better in this treatment plan. We noticed that the combinations of anti-PD1/PDL1 and chemotherapeutic drugs with or without anti-CTLA4 were mostly used as first-line therapy, while anti-PD1/PDL1 monotherapy or combined with antiangiogenesis or anti-CTLA4 was entirely applied in second-line setting or beyond. Hence, this obvious distinction in efficacy could be partly attributable to the difference in the line of therapy. The compelling safety benefits of anti-PD1/PDL1 monotherapy over combination therapy were observed (P-value < 0.05). Despite a slight decrease in the incidence of any-grade AEs compared with anti-PD1/PDL1 plus antiangiogenesis (94.6% vs. 99.4%, P-value = 0.074), anti-PD1/PDL1 plus chemotherapy was more likely to develop grade 3–4 AEs (65.1% vs. 45.5%, P-value = 0.003). The heterogeneity for any-grade AEs and grade 3–4 AEs of anti-PD1/PDL1 plus antiangiogenesis may result from the use of anlotinib in the Zhou2021 and Zong2021 studies (50, 52), probably because anlotinib is a multitarget tyrosine kinase inhibitor which is known for its more manageable toxicity (66). A phase 3 study of anlotinib plus TQB2450 versus chemotherapy as second-line treatment for aBTC is currently ongoing (NCT04809142).

Overall, anti-PDL1-containing regimens did better than anti-PD1-containing regimens in mPFS (11.1 vs. 3.8 months), mOS (12.2 vs. 9.8 months), ORR (23.7% vs. 17.4%, P-value = 0.005), and any-grade AEs (74.2% vs. 82.5%, P-value = 0.017), while no significant differences in DCR and grade 3–4 AEs were noted (P-value = 0.933 for DCR and P-value = 0.750 for grade 3–4 AEs). When used as monotherapy or combined with antiangiogenesis, the differences in ORR and DCR were also insignificant. Intriguingly, the comparison of any-grade AEs between single-agent anti-PD1 and anti-PDL1 was in stark contrast to the overall situation, with a trend favoring anti-PD1 monotherapy (46.1% vs. 63.9%, P-value = 0.008). We next sought to probe into the reasons for this phenomenon. Firstly, a much higher any-grade AE rate (>94%) exists in anti-PD1/PDL1 plus antiangiogenesis or chemotherapy (Figure 4C). Secondly, from the forest plot of any-grade AEs (Supplementary Figure 2), the weight of these two combinations in anti-PDL1-containing regimens was far smaller than that in anti-PD1-containing regimens (23.27% vs. 72.38%). Hence, we fostered the suspicion that the difference in weight gave anti-PDL1-containing regimens an advantage in any-grade AEs over anti-PD1-containing regimens. Regrettably, due to insufficiency of studies, it is utterly premature to jump to the conclusion that anti-PDL1 has an advantage over anti-PD1 in safety when combined with other therapies. For the same reason, the comparisons of tumor response between anti-PD1 and anti-PDL1, when combined with anti-CTLA4 or chemotherapy with or without anti-CTLA4, are getting nowhere. Six studies (33, 39–43) reporting any-grade AEs and seven studies (32, 33, 39–43) reporting grade 3–4 AEs of anti-PD1 monotherapy demonstrated significant heterogeneity, which may be due to the difference between the single-center design of Kang2020 and Sun2019(1) (33, 43) and the multicenter design of the remaining studies. There are several ongoing multicenter phase 3 trials regarding the combination of anti-PD1/PDL1 and chemotherapy in aBTC, such as pembrolizumab plus GemCis (NCT04924062; NCT04003636), durvalumab plus GemCis (NCT03875235), and KN035 plus gemcitabine/oxaliplatin (NCT03478488). We are looking forward to these results.

Regardless of medication regimens, the pooled mPFS, mOS, ORR, DCR, and grade 3–4 AE rate of first-line anti-PD1/PDL1 were 10.6 months, 15.8 months, 42.3%, 88.6%, and 80.8%, which seemed to exhibit superior tumor growth suppression but a greater risk compared with the GemCis group (mPFS: 8.0 months; mOS: 11.7 months; ORR: 26.1%; DCR: 81.4%; grade 3–4 AE rate: 70.7%) (6). The combined toxicity of anti-PD1/PDL1 and chemotherapy took the responsibility for the greater occurrence of AEs in the immunotherapy group. Compared with mFOLFOX (7), anti-PD1/PDL1 serving as second-line therapy or beyond offered potentially preferable efficacy and more satisfactory safety (mOS: 6.2 vs. 9.1 months; ORR: 5% vs. 11.6%; DCR: 33% vs. 51.1%; any-grade AE rate: 99% vs. 72.2%; grade 3–4 AE rate: 60% vs. 26.8%). The unnaturally greater risk of first-line anti-PD1/PDL1 than second-line therapy or beyond might be attributed to its zero weight of the monotherapy group which enjoyed lower incidence of AEs.

So far, there has been no large-scale, phase 3, randomized controlled trial verifying the benefits and risks of the abovementioned regimens in aBTC. Moreover, biomarkers capable of predicting the response to anti-PD1/PDL1 remain understudied, making the identification of reliable biomarkers a pressing task (17). The low incidence of BTC goes against the initiation of clinical trials of large scale, so we recommend multicenter collaborative efforts to bridge the major knowledge gaps. In this meta-analysis, we strictly followed the PRISMA guidelines, made the most efficient use of the available clinical studies, and conducted subgroup analyses as much as possible. We believe this article will generate more powerful evidence on when and how to prescribe anti-PD1/PDL1 for patients with aBTC.

Admittedly, our study still had some limitations. First of all was high heterogeneity which may be caused by methodological and clinical diversities between studies. On the one hand, the design of the included studies differed in several ways, such as the number of centers involved, clinical phase, duration of follow-up, and sample size. Additionally, with most of the studies being single arm, the comparison was based on data from the population with a different baseline, so comparability between studies was somewhat limited. On the other hand, baseline characteristics of participants differed greatly in that BTC is a heterogeneous group of malignancies. Considerable differences of epidemiology, biology, and management exist among the anatomical subtypes (4). Moreover, there were varied clinical interventions such as diverse medication regimens and different lines of therapy, which is why we performed subgroup analyses. The second one was publication bias primarily coming from the overwhelming preferences of sponsors, periodicals, and researchers for positive results. What is more, the significant between-study heterogeneity was another contributing factor to publication bias (63).



Conclusions

The head-to-head comparative trials concerning anti-PD1/PDL1 in BTC are consistently scarce in the context of increasing incidence of this tumor. Hence, it was timely and necessary to conduct this meta-analysis. Although further studies with control groups are warranted to confirm the efficacy and safety of anti-PD1/PDL1, our findings unequivocally lend support to the use of this treatment in patients with aBTC.
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Supplementary Figure 1 | Funnel plots depicting the publication bias in included studies. (A) ORR of total group; (B) DCR of total group; (C) CR of total group; (D) PR of total group; (E) SD of total group; (F) ORR of anti-PD1-containing regimens; (G) ORR of second line therapy or beyond; (H) DCR of second line therapy or beyond. ORR, objective response rate; DCR, disease control rate; CR, complete response; PR, partial response; SD, stable disease; PD1, programmed cell death protein 1.

Supplementary Figure 2 | Forest plot of any-grade AEs in anti-PD1-containing regimens and anti-PDL1-containing regimens. (A) Anti-PD1-containing regimens; (B) anti-PDL1-containing regimens. Three studies had more than one subgroup of interest. Specifically, patients were allocated to nivolumab group [Ueno2019(1)] or nivolumab/GemCis group [Ueno2019(2)] in Ueno2019 study; PD1 inhibitor monotherapy group [Sun2019(1)] or PD1 inhibitor plus chemotherapy group [Sun2019(2)] in Sun2019 study; durvalumab group [Ioka2019(1)] or durvalumab/tremelimumab group [Ioka2019(2)] in Ioka2019 study. Heterogeneity across studies was evaluated by the Cochran Q chi-square test and I2 statistic, with p<0.1 for the Q test deemed to have high heterogeneity and I2 >50% regarded as an indicator of moderate-to-high heterogeneity. If separate verdicts from the Q test and I2 statistic were at opposite poles, we would give priority to the conclusion from I2 statistic since the former is proverbially underpowered to detect heterogeneity. AEs, adverse events; ES, effect size; CI, confidence interval; PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; CTLA4, cytotoxic T lymphocyte antigen 4; GemCis, gemcitabine + cisplatin.
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Background

The roles of immune checkpoint inhibitors in the treatment of gallbladder cancer are still unclear and challenged by controversial findings. Recent research has shown that immune checkpoint inhibitors in combination with chemotherapy may alleviate disease progression.



Case Summary

A 45-year-old female patient with gallbladder cancer accompanied by multiple abdominal lymph node metastasis was treated with camrelizumab combined with paclitaxel for injection (albumin-bound) and gemcitabine (AG) to downstage the tumor before a radical surgery could be performed. The postoperative quality of life was superior to the preoperative level.



Conclusion

Camrelizumab + AG offers a new therapeutic option for gallbladder cancer with multiple abdominal lymph node metastasis, which, however, warrants further validation in clinical trials.





Keywords: neoadjuvant therapy, immune checkpoint inhibitor, gallbladder cancer, chemotherapy, AG



Introduction

Gallbladder cancer is a common malignancy in the biliary system, and surgery offers the best chance for a cure (1). However, gallbladder cancer (GBC) is featured by difficulties in early diagnosis, rapid tumor progression, high degree of malignancy, easy recurrence/metastasis, and poor prognosis. Most patients would have already missed the opportunity for surgical resection at the time of diagnosis (1). Neoadjuvant therapy has provided a new treatment option for patients with unresectable advanced malignant tumors, which may downstage the tumor and prolong the survival time of patients. Neoadjuvant therapy may also increase the possibility of achieving a successful complete resection (2). At present, chemotherapy combined with gemcitabine + cisplatin (GC) is the standard treatment strategy for patients with advanced GBC (3). Research has shown that GC combined with paclitaxel for injection (albumin-bound) (PAB) prolonged the progression-free survival (PFS) and overall survival (OS) (4). PAB + gemcitabine (AG regimen) has been applied for the treatment of advanced biliary cancer (5). Notably, all mismatch repair protein (microsatellite instability, MSI)/deficient mismatch repair protein (dMMR)-positive tumors can be treated with immune checkpoint inhibitors (6).

Preclinical studies have found that chemotherapeutic drugs could enhance the endogenous immune response through multiple mechanisms: firstly, chemotherapeutic drugs may activate the adaptive immune system by increasing the expression of human leukocyte antigen (HLA) and enhancing the stimulation of T cells; secondly, chemotherapeutic drugs may recover the immunological surveillance by disrupting STAT6-mediated immunosuppression (1). Based on these theories, a combination of immunotherapy and chemotherapy has been offered for patients with advanced biliary tract cancer (BTC) in the recent years and has shown promising efficacy (1, 7).

According to previous studies, neoadjuvant chemotherapy for degrading before surgical treatment will benefit advanced carcinoma patients. Here, we report on a case of GBC with multiple local lymph node metastasis who has been successfully treated with camrelizumab + AG.



Case Presentation

A 45-year-old woman was hospitalized because of right upper abdominal pain for 3 months. The patient had a cesarean delivery 20 years ago. The patient had no prior history of cancer and chronic viral hepatitis and no family history of BTC or other hereditary diseases related to the gallbladder or liver. Tenderness was examined in the right upper abdomen. The level of alpha-fetoprotein (AFP) was 334.66 ng/ml. The levels of carcinoembryonic antigen (CEA) and carbohydrate antigen 19-9 (CA 19-9) were within normal ranges (Figure 1A).




Figure 1 | (A) Changes in the tumor makers. (B, C) Baseline CT scan. (D, E) CT scan after the first treatment cycle. (F, G) CT scan after the second treatment cycle. Changes in CT findings: the primary gallbladder cancer and metastatic lymph nodes shrank after treatment with gemcitabine + albumin-bound paclitaxel combined with camrelizumab for two cycles. (H, I) CT examination after surgery. No recurrence or metastasis was found on abdominal CT at 14 months. The red triangle denotes the primary lesion and the red arrow indicates the metastatic lymph nodes posterior to the pancreas.



Abdominal contrast-enhanced computed tomography (CT) and magnetic resonance imaging (MRI) revealed GBC (3.2 cm × 2.7 cm in size) accompanied by localized multiple lymph node metastasis (the largest one was 2.5 cm × 3.6 cm) posterior to the pancreas, gallbladder enlargement, and gallbladder stones (Figures 1B, C). PET-CT indicated a cervical nodule shadow (approximately 3 cm in diameter) and increased FDG metabolism. All the aforementioned combined with the medical history indicated a primary tumor. In addition, a nodule shadow in the rear of the pancreatic head (approximately 2.5 × 3 cm in diameter), multiple primary lymph nodes in the para-abdominal aorta, and increased FDG metabolism indicated metastatic disease in these organs. PET/CT did not detect metastasis in other distant organs. Endoscopic ultrasound-guided fine-needle aspiration revealed positive lymph nodes posterior to the pancreas and a space-occupying lesion in the gallbladder. Ultrasonic endoscopy found one approximately 2.5 × 3-cm hypoechoic envelope block (without internal blood flow signal) and another approximately 3-cm moderate echo envelope block near the neck (without internal blood flow signal). The local gallbladder wall was not smooth, with a 2.3-cm stone at the bottom of the gallbladder. The puncture biopsy tissue was reddish brown. The presence of heterogeneous epithelioid cell groups combined with the immunohistochemistry (IHC) results supported the diagnosis of a poorly differentiated adenocarcinoma, although the possibility of neuroendocrine differentiation cannot be completely ruled out. The IHC results showed the following: CK+, Ki-67 (70%–80%)+, CK18+, Villin+, CgA a small amount+, SYN−, CD56−, TTF-1−, Hepatocyte−, AFP−, CDX-2−, CD34−, CA 19-9− (Figures 2A–G).




Figure 2 | (A–F) Results of histopathology before neoadjuvant therapy. (A) Hematoxylin–eosin (HE), ×40. (B) HE, ×200. (C) HE, ×200. (D) Cytokeratin 18 (CK18), ×200. (E) Pan cytokeratin (CK-pan), ×200. (F, G) Fibroblast activation protein (FAP), ×200.




Final Diagnosis

No other obvious signs were shown. The examinations and imaging findings all indicated signs of GBC. According to the American Joint Committee on Cancer (AJCC) guidelines (8th edition), it was evaluated as T3N2M0 (IIIA) stage, for which surgical resection was not recommended.



Treatment

A multidisciplinary team (MDT) recommended the application of multidisciplinary treatment, for which genetic tests would be helpful. However, the patient refused to undergo genetic testing due to financial difficulties and requested to be treated directly with chemotherapy plus immunotherapy as soon as possible.

According to the guideline of the Chinese Society of Clinical Oncology (CSCO), the results of a randomized controlled phase III clinical trial did not support the benefit of neoadjuvant chemotherapy for biliary tract malignant tumor. Patients were recommended to attend the clinical trial. Referring to the literature reports and the CSCO guideline (5), the following treatment protocol was then chosen: 1,000 mg/m2 gemcitabine (Stockhausen Pharmaceutical Co., Ltd., Jiangsu, China) plus 125 mg/m2 PAB (Shiyao Group Ouyi Pharmaceutical Co., Ltd., Hebei, China) combined with 200 mg camrelizumab (an immune checkpoint inhibitor) (Hengrui Medicine Co., Ltd., Jiangsu, China). The patient was treated with 1,000 mg gemcitabine and 170 mg PAB on days 1, 8, and 15 and with 200 mg camrelizumab on day 1 every 3 weeks. The next cycle of treatment was repeated after a 2-week interval. Abdominal CT and measurements of the tumor markers were performed after each treatment cycle to assess the efficacy (Figures 1D–G) using the Response Evaluation Criteria in Solid Tumors (RECIST), version 1.1. After two cycles of treatment, the gallbladder tumor and metastatic lymph nodes shrank more than 30% (partial response, PR), and the AFP level decreased from 334.66 to 24.2 ng/ml. The tumor was then evaluated as resectable. During the therapy, the patient had good appetite without nausea and vomiting and scored 0 in the Eastern Cooperative Oncology Group (ECOG). Drug-induced myelosuppression was noted, as the white blood cell (WBC) count decreased to 2.14 × 109/L. The patient also experienced other hematologic toxicities during the treatment (Table 1). These adverse effects improved after subcutaneous injection of recombinant human granulocyte–macrophage colony-stimulating factors. In addition, the patient suffered from generalized pruritus and hemangioma-like changes at the forearms, back, and knee joints after the first dose in the second cycle (Figure 3), which were not alleviated after administration of loratadine (i.e., an anti-allergic drug). However, these symptoms were improved after intravenous infusion of 5 mg dexamethasone. The therapeutic tolerance decreased after the second cycle. After consultations with the MDT, the patient was encouraged to continue the current treatment protocol. However, considering the decreased tolerance to chemotherapy and the option of surgical resection, the patient refused further chemotherapy plus immunotherapy and requested a radical surgery. After preoperative examinations and informed consent of the patient, radical surgery was performed to remove the primary tumor, along with regional lymph node dissection under general anesthesia. The patient was also informed that hemihepatectomy + biliary–intestinal anastomosis or even pancreaticoduodenectomy might be performed during the surgery, depending on specific pathological findings. After informed consent was obtained from the patient’s family, the surgery was performed under general anesthesia on August 10, 2020. During the surgery, the gallbladder was removed, and a cystic duct margin was found positive after a frozen section pathological examination. Therefore, a partial bile duct resection was performed. Intraoperative pathological examination showed that the first resection margin of the common bile duct was positive and the second lower resection margin of the common bile duct was negative. In addition, the resection margin was positive for the right hepatic duct and negative for the left hepatic duct. According to the intraoperative pathological examination results, the surgical procedures were changed to right hemihepatectomy, radical cholecystectomy, and regional lymph node dissection, with informed consent of the family because the patient was unconscious.


Table 1 | Hematological and non-hematological toxicities during neoadjuvant therapy (grading according to CTCAE 3.0).






Figure 3 | Reactive cutaneous capillary endothelial proliferation (RCCEP) (yellow arrows) following immunotherapy.



After the surgery, the patient developed pulmonary infection and pleural effusion due to prolonged immobility, which were alleviated after antimicrobial therapy and ultrasound-guided thoracentesis and drainage. The patient was discharged on September 11, 2020. Postoperative pathology revealed that the lesion was a moderately differentiated adenocarcinoma of the gallbladder (Figures 2D, E) affecting the entire wall of the gallbladder, along with visible choroidal carcinoma thrombosis and nerve invasion. Metastases were found in lymph node stations 8 and 9, but not in stations 12, 14, and 16 (7). As it had been reported that postoperative adjuvant therapy could improve OS, the CSCO guideline recommended the use of capecitabine or participation in other clinical trials. Since the neoadjuvant chemotherapy plan of the patient was effective before surgery, we continued to treat this patient with chemotherapy plus immunotherapy after surgery. So far, the PFS of this patient has reached 14 months. The patient has maintained good quality of life in the past 9 months without disease progression (Figures 1H, I).




Discussion

Most GBC patients are diagnosed at an advanced stage. The benefit of radiotherapy in the clinical treatment of GBC still needs further confirmation. As a result, the value of chemotherapy as a treatment option second only to surgery for GBC has been increasingly recognized (8). Gemcitabine + cisplatin has been reported as the first-line chemotherapy for GBC, but has a response rate of only about 20% (8). Most patients will suffer from disease progression soon after chemotherapy. Gallbladder cancer patients typically cannot tolerate high-intensity, long-duration chemotherapy due to various factors such as age, physical status, disease severity, and tumor burden. Therefore, for patients with inoperable GBC, a high-efficacy and low-toxicity chemotherapy regimen is particularly important.

For patients with advanced BTC, adding PAB to GC could achieve longer median progression-free survival (mPFS; 11.8 months) and median overall survival (mOS; 19.2 months) than the conventional GC regimen alone, with the mPFS and mOS in the GBC subgroup being 4.1 and 15.7 months, respectively (4). Treatment with PAB in combination with GC prolonged the mPFS and mOS compared with controls treated with GC alone (4).

For unresectable or metastatic extrahepatic cholangiocarcinoma, gemcitabine combined with PAB is feasible. In a phase II trial, Sahai et al. (4) found that PAB + gemcitabine was well tolerated when used as the first-line treatment for advanced or metastatic cholangiocarcinoma and concluded that this regimen might be an alternative option to the current therapeutic approaches for advanced cholangiocarcinoma.

The immunotherapy for cholangiocarcinoma included cancer vaccines, adoptive cellular immunotherapy, and immune checkpoint inhibitors (9). Some studies suggested that tumor vaccines combined with chemotherapy may increase the response rates of patients with BTC, including GBC, but validation in large-scale studies is lacking (1). Immune checkpoint inhibitors have become a new hotspot in current cancer research. By blocking specific pathways, these agents can release tumor-induced immunosuppression and activate the specific immune response to cancer cells, thus achieving immune-mediated clearance of cancer cells. Such efficacies are based on the effects on immunosuppression and tumor immune escape mediated by the interaction of programmed cell death 1 (PD-1), cytotoxic T-lymphocyte antigen 4 (CTLA-4), and their ligands. Camrelizumab (AiRuiKa™) is an immune checkpoint inhibitor. It binds to the PD-1 receptor, blocks the binding between PD-1 and programmed death-ligand 1 (PD-L1) to wash and activate T cells, and produces sustained antitumor effects to inhibit tumor growth (10–12). Currently, camrelizumab has been used for the treatment of a variety of malignancies (13).

Wang et al. (14) reported that PD-1/PD-L1 blocking therapy may cause immune-related adverse reactions (immune-related adverse events, irAEs) and, hence, proposed combining immunotherapy with antitumor drugs to improve the therapeutic effect. However, there have been concerns that the combination therapy may also increase the incidence of more complex treatment-related adverse events. Chen et al. used camrelizumab + gemcitabine and oxaliplatin (GEMOX) to treat patients with advanced BTC and achieved promising outcomes with tolerable toxicities (8). Patients with GBC seemed to benefit more from this treatment. Gou et al. (15) reported that patients with advanced BTC who received a PD-1 inhibitor combined with a chemotherapy regimen had longer PFS (5.8 months) than those who received chemotherapy alone (3.2 months), providing supportive evidence for the efficacy of a combination treatment regimen for advanced BTC. Sun et al. (1) reported that the median OS of the PD-1 inhibitor combined with chemotherapy (14.9 months) was significantly longer than that of the PD-1 inhibitor monotherapy (4.1 months) and of the chemotherapy monotherapy (6.0 months). The combination of PD-1 inhibitor and chemotherapy also showed significantly longer median PFS (5.1 months) than that of PD-1 inhibitor monotherapy (2.2 months) and chemotherapy monotherapy (2.4 months). However, a considerable number of patients did not benefit from this therapy, which may also be associated with serious adverse events. Therefore, evaluation of predictive biomarkers of individual tumor tissues before therapy initiation is critical. Tumor mutation burden, mismatch repair genes, and MSI may be predictors of immunotherapy (16). Recent studies have found that the peripheral blood levels of circulating hematologic and serum cytokines and MAGE1 might serve as potential cancer biomarkers (17–19). Albrecht et al. (20) reported that there is limited evidence on the efficacy of PD-1 inhibitors combined with other chemotherapeutic agents for GBC. The authors also reported that PD-L1 is upregulated in tumors and immune cells in a subpopulation of advanced Western GBC, providing evidence that the TIGIT/CD155 axis is a novel immune checkpoint for complement therapy for GBC. This further confirms the need for a prospective study of PD-L1 in the treatment of advanced GBC.

Tumor mutation burden, mismatch repair genes, and high MSI may be predictive factors for immunotherapy. In this article, we reported our experience in treating a case of GBC with lymph node metastasis with camrelizumab + AG. Chemotherapy plus immunotherapy may have different tolerability profiles, such as bone marrow suppression and loss of appetite after chemotherapy. In addition to the many irAEs, camrelizumab also has a unique adverse event: reactive cutaneous capillary endothelial proliferation (RCCEP) (12). Our patient suffered from myelosuppression and the WBC count declined after the chemotherapy, which was alleviated after administration of recombinant human granulocyte colony-stimulating factor. In addition, RCCEP occurred in the trunk and extremities (Figure 3). After hormone therapy, RCCEP in the limb was slightly relieved. After discontinuation of camrelizumab, RCCEP was resolved and the patient’s quality of life improved. The patient has been followed up for 14 months; currently, there is no tumor recurrence, the levels of CEA, CA19-9, and AFP are normal, and the quality of life is good.

Chemotherapy plus immunotherapy achieved definite efficacy in this patient, but the patient showed poor tolerance. The patient’s physical tolerance decreased significantly after completing the second treatment cycle and requested direct surgery. Before the initiation of neoadjuvant therapy, the pathological diagnosis of the lesion was a poorly differentiated adenocarcinoma. After six sessions of neoadjuvant therapy, the gallbladder tumor and metastatic lymph nodes were reduced in size, and radical surgery was performed. Postoperative pathology revealed that the lesion was a moderately differentiated adenocarcinoma of the gallbladder, suggesting that the tumor had been downstaged after neoadjuvant therapy.

In this case, the patient was initially diagnosed with GBC with localized multiple lymph node metastasis, which made surgery infeasible. However, successful surgical resection was performed after treatment with camrelizumab + AG, and the patient has remained recurrence-free 14 months after surgery.



Conclusion

Locally advanced GBC could be downgraded after neoadjuvant therapy, which may improve the feasibility of performing a surgery. This strategy provides a new treatment option for GBC patients to prolong survival time and improve their quality of life. However, more accumulation of cases is necessary, and our finding needs to be further validated in large multicenter studies.
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In recent years, microRNAs (miRNAs) have attracted much attention because of their prominent role in cancer. An increasing number of studies have shown that miRNAs play an important role in a variety of tumors. miR-608 has been reported to be decreased in cancers, especially in solid tumors. miR-608 is regarded as a tumor suppressor, which has been verified through a large number of experiments both in vivo and in vitro. miR-608 participates in many biological processes, including cell proliferation, invasion, migration, and apoptosis, by inhibiting transmembrane proteins and many signaling pathways. Here, we summarize the expression profile and biological functions and mechanism of miR-608, suggesting that miR-608 is an ideal diagnostic and prognostic biomarker and a treatment target for cancer.
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Background

MicroRNAs (miRNAs) are a class of nonprotein-coding single-stranded RNA with a length of approximately 18-25 nucleotides, and they are encoded by endogenous genes (1–4). miRNAs are highly conserved and tissue-specific (5). miRNAs were first found in Caenorhabditis elegans, and Lee et al. (6) also found that miRNAs participate in lin-14 gene expression regulation through antisense RNA-RNA interactions. In the past 20 years, the number of miRNA studies has increased substantially. Researchers have shown that miRNAs are involved in the negative posttranscriptional regulation of gene expression and maintain cell homeostasis (7) in the human body by binding with the 3’ untranslated region (3’-UTR) of mRNAs of target genes and degrading the target mRNAs. Generally, a single miRNA has a single mRNA target. However, a miRNAs can possess multiple targets, and a single miRNA target can also be shared by several miRNAs. Proper control of miRNA expression is required for a balanced physiological environment, as these small molecules influence almost every cellular process from the cell cycle and cell proliferation to apoptosis, with a wide range of target genes (8).

In recent research, numerous aberrantly expressed miRNAs were found to be related to the development and prognosis of cancers (9, 10). Among them, miR-608 (GeneID: 693 193), mapped to chromosome 10q24.31, has attracted extensive interest because its dysregulated expression plays a key role in the occurrence and development of various malignant tumors by affecting the posttranscriptional regulation of target genes (11). Further studies have demonstrated that miR-608 expression may affect the treatment efficacy in colorectal cancer (CRC) patients treated with chemotherapy alone or chemoradiotherapy alone (12). Choi et al. (13) demonstrated that miR-608 had the strongest inhibitory effect on the growth of A549 tumor cells by screening a miRNA library. Moreover, the expression level of miR-608 is decreased in many kinds of tumors, including acute myeloid leukaemia (14, 15), bladder cancer (BCa) (11), breast cancer (16), chordoma (17), clear cell renal cell carcinoma (18), gastric cancer (19), glioma (20, 21), melanoma (22), head and neck squamous cell carcinoma (23), hepatocellular carcinoma (HCC) (24, 25), lung cancer (LC) (26–28), osteosarcoma (29), ovarian cancer (30, 31), pancreatic cancer (32), and prostate cancer (33).

In this review, we summarize the latest progress of miR-608 research in the past decade and detail the expression, biogenesis, biological functions, and functional mechanisms of miR-608 in different cancers.



Regulation of MiR-608 Expression

The 3’-UTR is the crucial area by which miRNAs exert posttranscriptional regulatory functions. Upstream molecules can also bind to the 3’-UTR of miRNAs, downregulate miRNA levels and suppress the biological functions of miRNAs. Generally, upstream molecules mainly include lncRNAs, proteins, circular RNAs (circRNAs), chemical substances and drugs. Among these, 3’-UTR regions of CD44, which is a transmembrane glycoprotein, was firstly identified to bind to miR-608. The CD44 3’-UTR competitively binds with the 3’-UTR of miR-608, thus inhibiting miR-608 functions and releasing the inhibition of downstream mRNAs (34). As additional upstream molecules of miR-608, tumor suppressor candidate-2 pseudogene (TUSC2P) and tumor suppressor candidate 2 (TUSC2) arrest the functions of miR-608 via their 3’-UTRs, which subsequently increases translation of TUSC2. TUSC2 is a tumor suppressor, and TUSC2P represses cell invasion, migration, and colony formation via the TUSC2P/miR-608/TUSC2 axis (35). Moreover, the TUSC2P/miR-608/TUSC2 axis has been verified to be related to esophageal squamous cell carcinoma (ESCC) (36). In addition, in human lung adenocarcinoma (LUSC), B-cell lymphocyte xL (Bcl-xL), as an anti-apoptotic protein, can interact with hsa-miR-608 and further play a carcinogenic role through the PI3K/AKT, WNT, TGF-b, and ERK signaling pathways (37). Xu et al. (38) revealed that in neuroblastoma, 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) could bind to the aryl hydrocarbon receptor (AhR), induce upregulation of miR-608 and regulate the expression level of cell division cycle 42 (CDC42). An antagonist of AhR, CH223191, can reverse the effect of TCDD, further enhancing the reliability of the above results (38). Kang et al. (39) successfully demonstrated that during Kaposi’s sarcoma-associated herpesvirus (KSHV) lytic infection, open reading frame 57 (ORF57) combined with miRNA and induces the expression of human interleukin 6 (hIL-6), accelerating cell proliferation and tumorigenesis. Thus, the virus can promote the occurrence and development of tumors by interfering with the function of miRNAs (39, 40). Equally notable is that natural products can influence the expression level of miR-608. For example, toosendanin (TSN) upregulates miR-608 and inhibits downstream targets, including Notch1 and Notch2 (41). In addition, circRNAs can also interact with miR-608, and Liu et al. (42) revealed that a circ_0089153/miR-608/EGFR/p53 interaction pathway exists in ameloblastoma (AB). The biological function of circ_0089153 relies on the MAPK signaling pathway (42).

Among the confirmed upstream targets of miR-608, long noncoding RNAs (lncRNAs) account for the highest proportion, which will be described in detail below. LINC00963 sponges miR-608 and upregulates the miR-608 target matrix metallopeptidase 15 (MMP-15) (14) in acute myeloid leukaemia (AML). Interestingly, in melanoma, LINC00963 can also interact with miR-608 and further elevate nucleus accumbens associated 1 (NACC1) expression, facilitating cell proliferation, migration and invasion (22), similar to what is seen in AML. Moreover, the lncRNA HOXD-AS1 was also found to bind with miR-608 and promote cell proliferation, migration, invasion, metastasis, and chemoresistance (43). Wang et al. (30) indicated that HOXD-AS1 combines with miR-608 and increases frizzled class receptor 4 (FZD4), participating in the development of ovarian cancer. The lncRNA NORAD has also been found to bind to miR-608 in cancer and upregulate forkhead box O6 (FOXO6) in gastric cancer, accelerating cell growth (19, 44). A similar axis also exists in ovarian cancer, but surprisingly, NORAD induces overexpression of signal transducer and activator of transcription 3 (STAT3) by interacting with miR-608 and functions as a tumor suppressor (31). Remarkably, Zhang et al. (20) also confirmed that lncHAS2-AS1 is another upstream target of miR-608, and STAT1 was found to be an upstream factor of lncHAS2-AS1. Both STAT1 and STAT3 belong to the STAT family. Thus, lncRNAs, miRNAs, mRNAs, and proteins can together form networks of mutual influence and interaction. With the increasing number of relevant studies, a more comprehensive and detailed understanding of these networks will be achieved. In addition, LINC02747, LINC00052, the lncRNA MALAT1, and the lncRNA BLACAT1 can also act as upstream molecules of miR-608 (Table 1) (Figure 1) (18, 23, 29, 45).


Table 1 | The upstream and target genes of miR-608 in multiple cancers.






Figure 1 | Upstream targets of miR-608. Not only many lncRNAs can regulate the level of miR-608, but also some circRNAs and drugs, such as toosendanin, can also play the role of regulator of miR-608.





Dysregulation of MiR-608 in Malignant Diseases


MiR-608 in Acute Myeloid Leukaemia (AML)

For adults, AML is the most common leukaemia and is characterized by a reduction in normal haematopoietic cells and their replacement by primitive cells. At present, diagnosis is generally achieved by identifying cell immunophenotypes (46–48). Abnormal genetic examination results are recognized as an important prognostic factor. However, accumulating evidence has revealed that some people with normal genetic test results may also have AML (49). Therefore, it is necessary to find new diagnostic markers to screen these patients. Zuo et al. (14) demonstrated that both LINC00963 and MMP15 are upregulated in AML, while miR-608 is reduced. LINC00963 inhibits miR-608 and increases MMP15, which can repress AML cell growth and epithelial to mesenchymal transition (EMT) (14). Interestingly, Zhuang et al. (15) proposed that the lncRNA HOTTIP can upregulate DET1 and DDB1-associated 1 (DDA1) by sponging miR-608. However, the overexpression of DDA1 promotes AML cell proliferation and cell cycle progression (15), which contradicts the research results above. This is because the effector molecules MMP15 and DDA1 have different biological functions. These results remind us that if we want to utilize miRNA as a therapeutic target or diagnostic marker, there may be problems with low specificity.



MiR-608 in Bladder Cancer (BCa)

BCa is one of the most common cancers of the urinary system. The incidence rate of males is higher than that of females (50). BCa causes approximately 150000 deaths worldwide annually (51). Patients with BCa are often admitted to the hospital as an emergency, and the proportion of patients who are actively found through physical examination is not high. In addition, emergency admission often means poor prognosis (52, 53). Therefore, we urgently need to find new diagnostic biomarkers for the early detection of BCa. Liang et al. (11) found that miR-608 is always downregulated in BCa, which accelerates cell proliferation and cell cycle progression. When miR-608 is upregulated, it inhibits the expression of FLOT1 and induces G1 phase arrest via the AKT/FOXO3a signaling pathway. In a xenograft model in vitro, upregulated miR-608 was shown to repress BCa cell proliferation (11). In addition, another team also obtained the same results: overexpression of miR-608 can suppress cell survival and invasion and promote cell apoptosis (54). Therefore, miR-608 seems to have the potential to become a diagnostic marker or therapeutic target.



MiR-608 in Colorectal Cancer (CRC)

CRC currently has the fourth highest incidence rate in the world. In recent decades, with the continuous development of screening technology, the incidence rate of CRC has peaked. Early screening is one of the most effective measures to improve the prognosis of CRC patients, so finding new diagnostic markers remains important (55–57). In the past decade, there have been many meta-analyses and studies of the correlation of miR-608 rs4919510 and CRC, but the conclusions have not been consistent. Kupcinskas et al. (58) revealed that in Europe, miR-608 rs4919510 has no association with CRC. Interestingly, another team proposed that miR-608 rs4919510 is related to the risk of CRC in both African Americans and Caucasians (59). Both Dai et al. (60) and Ying et al. (61) further found that miR-608 rs4919510 is associated with decreased risk of CRC, although Gong’s team disagrees (60–62). In addition, Pardini et al. (63) and Xing et al. (64) discovered that miR-608 rs4919510 is related to the prognosis of CRC, specifically, CRC recurrence-free survival (RFS). The rs4919510 variant G allele of miR-608 may upregulate MRPL43 by causing loss of its function, thus promoting CRC cell proliferation, invasion, and migration, inhibiting cell apoptosis, and ultimately increasing the risk of CRC (65). However, in 2018, another study reported that for the Iranian population, miR-608 rs4919510 was not associated with the incidence rate of CRC but was associated with metastatic risk (66). Therefore, we believe that miR-608 is a potential predictive biomarker of CRC.



MiR-608 in Hepatocellular Carcinoma (HCC)

HCC is the third leading cancer worldwide. The incidence rate of HCC has been high due to the pervasiveness of hepatitis B virus (HBV) and hepatitis C virus (HCV) infection. Therefore, HCC has caused massive economic costs to human society. It is necessary to find new biomarkers to improve the prognosis of HCC (67–69). Wang et al. (25) found that miR-608 was downregulated in the HCC cell lines HepG2 and SK-Hep-1. Correlation analysis was performed with baseline clinical information. An elevated level of miR-608 was associated with a good prognosis of HCC and was specifically related to tumor size, differentiation, clinical stage, overall survival (OS) and disease-free survival (DFS). Moreover, the researchers also found that miR-608 inhibits its target macrophage migration inhibitory factor (MIF) and promotes cell proliferation (25). Surprisingly, He et al. (24) discovered almost the same pathway, except that the final effector molecule was not MIF but bromodomain-containing 4 (BRD4). This result further confirms that miRNAs can often play a role by targeting multiple targets. If there is synergy between these targets, the specific miRNAs can be considered potential biomarkers. Interestingly, another study revealed that miR-608 rs4919510 is significantly related to good prognosis (long OS) (70). Wang et al. (71) confirmed this conclusion by collecting clinical information from 993 HCC patients and 992 healthy individuals. Therefore, miR-608 has prognostic value and is expected to become a potential therapeutic target for HCC.



MiR-608 in Lung Cancer (LC)

Among cancers, the incidence rate of LC is the highest in the world, and the incidence rate of LC in women with a history of smoking is the third highest. LC also has the highest mortality among cancers, and the mortality rates in men and women are both the second highest (72–75). Therefore, it is of great significance to reveal the mechanisms underlying the occurrence and development of LC. In 2016, Li et al. (27) discovered that miR-608 rs4919510 was likely associated with both LC risk and susceptibility to LC. In 2019, Xu et al. (26) revealed that compared with that in normal lung tissue, miR-608 expression was downregulated in LC tissue. A dual-luciferase reporter experiment showed that BRD4 was a direct target of miR-608, and the expression level of BRD4 was upregulated in LC tissues. Reduced miR-608 can also promote LC cell proliferation, migration, and invasion through the JAK2/STAT3 signaling pathway (26). These results confirm the results of a study three years ago. Moreover, miR-608 was also found to be downregulated in non−small-cell lung cancer (NSCLC) by of sequencing samples from 106 NSCLC patients and 124 healthy people. Although miR-608 does not affect the incidence of NSCLC, miR-608 can target transcription factor AP-4 (TFAP4) via the Hippo-YAP signaling pathway, thereby promoting NSCLC cell apoptosis and inhibiting cell proliferation (28, 76). Through the Hippo-YAP signaling pathway, miR-608 can also target TEA domain transcription factor 2 (TEAD2) and increase cisplatin sensitivity in NSCLC (77). Moreover, miR-608 can exert a tumor-protecting function in small‐cell lung cancer (78). What is more surprising is that in LUSC, miR-608 promotes LUAD cell death and increases the antiproliferative effect of gefitinib via the PI3K/AKT, WNT, TGF-β, and ERK signaling pathways (37, 79). Therefore, there is sufficient evidence to indicate that miR-608 is a potential therapeutic target and prognostic biomarker.



MiR-608 in Pancreatic Cancer

Pancreatic cancer has the worst prognosis of solid tumors (80, 81). Pancreatic cancer mortality ranks fourth among cancers worldwide and has risen considerably in the past few years (82, 83). The incidence of pancreatic cancer continues to slowly increase. This trend is because most pancreatic cancers are exocrine cell tumors, and the prognosis for exocrine cell tumors is worse than that of endocrine cell pancreatic cancers. Of exocrine cell tumors, pancreatic ductal adenocarcinomas (PDACs) are the most common subtype (84). Unfortunately, it is very difficult to detect pancreatic cancer early because of the lack of obvious symptoms. Thus, further discovery of new predictive biomarkers is urgently needed. In 2020, Nishiwada et al. (85) successfully constructed a diagnostic model that consisted of 6 miRNAs and had excellent performance in identifying lymph node metastasis in PDAC patients. The success of this model implies that miRNAs can be very valuable in the early diagnosis of pancreatic cancer. Interestingly, in pancreatic cancer, miR-608 is downregulated, and miR-608 can target ribonucleotide reductase M1 (RRM1) and cytidine deaminase (CDA) and control gemcitabine resistance (32). miR-608 also promotes PDAC cell apoptosis and prolongs PDAC patient OS by binding BRD4 (86, 87) and AKT serine/threonine kinase 2 (AKT2). Therefore, miR-608 has the potential to act as a new diagnostic and prognostic marker and even a treatment target for pancreatic cancer.



MiR-608 in Esophageal Squamous Cell Carcinoma (ESCC)

The incidence rate and mortality rate of esophageal cancer are among the top ten rates of all cancers (88–90). Esophageal adenocarcinoma (EAC) and ESCC are the two major subtypes of esophageal cancer (88). New biomarkers for ESCC are currently a hot topic of research, and miRNAs have already shown some advantages. Liu et al. (36) revealed that in ESCC EC109 and TE-1 cells, miR-608 targets TUSC2, inhibits cell proliferation and invasion, and promotes cell apoptosis. In addition, miR-608 rs4919510 can also act as a predictive factor for ESCC, as proven by bioinformatics methods (91).



MiR-608 in Other Cancers

In addition to the cancers mentioned above, miR-608 is also reduced in many other cancers. In chordoma, miR-608 is significantly downregulated and interacts with EGFR and Bcl-xL. The downregulation of miR-608 can accelerate chordoma cell proliferation and migration and repress cell apoptosis (17). In addition, miR-608 sponges RAC2/BCL2L1 and promotes prostate cancer cell proliferation, G2/M transition, and migration (33). In addition, miR-608 also exerts a tumor-inhibiting effect in breast cancer (92), clear cell renal cell carcinoma, gastric cancer, glioblastoma (GBM), glioma, head and neck squamous cell carcinoma, rectal cancer, Kaposi’s sarcoma associated with herpesvirus infection, melanoma, nasopharyngeal carcinoma (NPC), neuroblastoma, osteosarcoma, and ovarian cancer (Table 2).


Table 2 | The expression profile and biological functions and mechanisms of miR-608.





Mechanism by Which MiR-608 Inhibits Tumor Growth

Clinically, in almost all cancers, tumor size is closely related to the prognosis of patients and influences the choice of treatment. Thus, the mechanisms of tumor growth and progression deserve attention. Tumor growth is closely related to the degrees of tumor cell proliferation and apoptosis. Whether a tumor grows often depends on which of these processes is stronger. Increasing evidence shows that miR-608 can significantly inhibit the proliferation of a variety of solid tumors, suggesting that miR-608 is closely related to cell proliferation and apoptosis. Next, we will elaborate the molecular mechanism by which miR-608 is involved in tumor growth from two perspectives.



MiR-608 and Transmembrane Proteins

Membrane proteins are the main executors of biofilm function. They can effectively participate in cell energy exchange, information recognition and transmission and material transport. According to the different positions of membrane proteins in the cell membrane, these proteins can be divided into peripheral membrane proteins and internal membrane proteins, which are also called transmembrane proteins (99). miR-608 can bind to the 3’-UTR of many transmembrane proteins to inhibit cancer cell proliferation and accelerate cell apoptosis. Among these transmembrane proteins, EGFR is especially important because EGFR can interact with epidermal growth factor (EGF) and induce receptor dimerization and tyrosine autophosphorylation, resulting in cell proliferation. Both Liu et al. (42) and Zhang et al. (17) reported that EGFR is a target of miR-608 and that miR-608 can indirectly attenuate cell proliferation by inhibiting EGFR. Moreover, MMP-15, another transmembrane protein, binds to miR-608 and participates in the progression of AML. Furthermore, rescue experiments indicate that overexpression of LINC00963 promotes cell proliferation and EMT by modulating MMP-15 (14). Interestingly, FZD4 is reported to be upregulated in ovarian cancer, and FZD4 is a transmembrane protein that belongs to the β-catenin signaling pathway. Generally, HOXD4-AS1 exerts tumor-promoting functions through the miR-608/FZD4 axis in ovarian cancer (30). These four studies all clearly indicate that the inhibition of transmembrane proteins by miR-608 leads to suppression of cell growth.



MiR-608 and Signaling Pathways

miR-608 modulates tumor growth not only by affecting transmembrane proteins but also by affecting multiple signaling pathways. The MAPK pathway has three levels of signal transmission: MAPK, MAPK kinase (MEK or MKK) and kinase of MAPK kinase (MEKK or MKKK). These three kinase levels can be activated in sequence and together regulate a variety of important physiological/pathological effects, such as cell growth and differentiation (100). Importantly, MAPK is also involved in the apoptosis induced by ultraviolet radiation (101). miR-608 targets EGFR and p53 and affects cell cycle processes via the MAPK pathway (42). Interestingly, p53 can further activate the PI3K/AKT pathway and influence the cell cycle and mitosis (102). In addition, miR-608 also affects the AKT/FOXO3a signaling pathway to control cell proliferation. miR-608 inhibits both the AKT and FOXO3a kinases and blocks the signaling pathway to attenuate cell proliferation (11) and accelerate cell apoptosis. Moreover, when miR-608 is overexpressed, the expression levels of BRD4, p-JAK2, p-STATA3, CD44, and MMP9 are significantly decreased, indicating that the JAK2/STAT3 signaling pathway is inhibited by miR-608 (26). The inhibition of miR-608 is essential for tumor suppression.



MiR-608 as a Biomarker


MiR-608 as a Diagnostic Biomarker

Early detection and diagnosis are key to improving the prognosis of cancers. An increasing number of studies have shown that the expression of miRNAs is significantly different between cancer tissues and normal tissues (12, 18, 33, 94). This difference can even be detected directly in body fluids (103), which has laid a foundation for the noninvasive detection of miRNA. single-nucleotide polymorphisms of genes encoding miRNAs significantly influence tumor susceptibility and can also act as diagnostic biomarkers for cancers. Ju et al. (18) demonstrated that in clear cell renal cell carcinoma, LINC02747 can sponge miR-608 and further upregulate the mRNA of the target TFE3. The authors suggest that LINC02747 has diagnostic potential for renal cell carcinoma (18). We also believe that miR-608 can be regarded as a diagnostic marker of renal cell tumors because miR-608 is inhibited by upstream LINC02747. In addition, Tokarz et al. (94) found that single-nucleotide polymorphisms of the gene encoding miR-608 can also be used to accurately diagnose metastatic CRC. Moreover, after determining the genotypes of 1358 CRC patients and 1079 healthy controls through sequencing, another team found that miR-608 rs4919510 is obviously related to CRC susceptibility (61). Interestingly, researchers in LC also proposed that miR-608 rs4919510 can significantly affect tumor susceptibility (27).



MiR-608 as Prognostic Biomarker

In addition to its diagnostic biomarker potential, miR-608 also has the potential to become a prognostic marker for cancers. Expression of miR-608 is correlated with TNM stage, histological grade, and prognosis; and miR-608 has a close relationship with the prognosis of clear cell renal cell carcinoma (18). In addition, several studies have revealed that miR-608 can function as a prognostic marker (63, 65) and predict CRC recurrence (94). miR-608 rs4919510 was also found to be related to the RFS of CRC (64). Moreover, after collecting basic HCC clinicopathological information, Wang et al. (25) proved that miR-608 is highly correlated with HCC tumor size, differentiation, clinical stage, OS, and DFS. The researchers verified that a decrease in miR-608 facilitated the proliferation of the HCC cell lines HepG2 and SK-Hep-1 (25). Interestingly, Ma et al. (70) confirmed that miR-608 rs4919510 is associated with good prognosis and long OS. To our surprise, miR-608 was reported to be related to the PFS of LUSC patients, and miR-608 expression can indicate poor prognosis of ovarian cancer patients (30, 79). In summary, we found that miR-608 has unprecedented potential for predicting prognosis in solid tumors. However, there are few studies on the prognostic role of miR-608 in haematopoietic system tumors. miR-608 will likely be a promising prognostic marker for multiple tumors, including both solid tumors and non-solid tumors.



MiR-608 as Therapeutic Target

Intriguingly, miR-608 has already shown obvious therapeutic effects in tumors according to dozens of studies. TSN can elevate the expression level of miR-608, enhancing glioma cell apoptosis via the Notch signaling pathway. In vivo experiments also showed that TSN clearly inhibits tumor growth (41). Wang et al. (21) indicated that overexpression of miR-608 attenuates glioma stem cell proliferation, invasion, and migration and induces cell apoptosis, clearly explaining the therapeutic effect of miR-608 in tumors. Moreover, miR-608 can be sponged by LINC00052, regulate the expression of EGFR, and further promote the progression of head and neck squamous cell carcinoma in vivo and in vitro (23). Overexpression of miR-608 promoted doxorubicin-induced NSCLC cell apoptosis by repressing the expression of TFAP4, and TFAP4 was overexpressed in NSCLC tissues (28). Jiao et al. (22) illustrated that the LINC00963-miR-608-NACC1 pathway might be a potential treatment target for melanoma. Moreover, the roles of the BLACAT1/miR-608/SOX12 axis in osteosarcoma (29), HOXD4-AS1/miR-608/FZD4 axis (30) in ovarian cancer, and lncRNA NORAD/miR-608/STAT3 (31) axis in melanoma indicate that miR-608 could be an ideal therapeutic target. Li et al. (86) revealed that miR-608 can decrease the level of BRD4 and facilitate cell apoptosis. However, in PDAC, miR-608 is usually significantly reduced. A strategy to overexpress miR-608 utilizing gene editing technology or targeted therapy could significantly improve the prognosis for PDAC (86). Zhang et al. (33) also elucidated that miR-608 can obviously alleviate the progression of prostate cancer. Taken together, our findings provide valuable insights for the chemotherapy of multiple tumors, especially solid tumors.





Conclusions

In this review, we comprehensively summarized the latest and most valuable research on miR-608. Many researchers in the field of cancer are constantly looking for more potential tumor biomarkers to achieve tumor prevention and treatment. In recent decades, researchers have gradually found that miRNAs play an important role in the occurrence and development of tumors, and an increasing number of people have devoted themselves to studying this field. In addition, miR-608 is a novel miRNA with much potential. miR-608 is decreased in almost all solid tumors except bladder cancer (54). Interestingly, although the results of individual studies are different, miR-608 has been found to consistently play a role in inhibiting cancer in all tumors (Figure 2) . This result is surprising and provides new hope for tumor treatment.




Figure 2 | Molecular mechanism of miR-608 affecting tumor cell proliferation. miR-608 targets a large number of genes to inhibit cancer cell growth, including bladder cancer, ovarian cancer, lung cancer, liver cancer, and renal cancer, etc.



Unfortunately, there are no clinical trials related to miR-608 yet, which may be a result of the failure of other drugs with similar targets, such as MRX34, which is miR-34a mimic (104). According to the results of previous clinical trials, the problems with such drugs are probably related to the multiple serious adverse reactions. We speculate that such reactions are caused by the low specificity of miRNA drugs. Thus, in future drug design, organ-specific drug dosages should be designed according to the characteristics of different organs to increase the accuracy of pharmacological effects and reduce complications. In addition, due to the wide distribution of RNases in vivo, miRNA drugs also face the challenge of RNA degradation. At present, most strategies use nanocarriers to reduce RNA degradation, but the toxicity of such drugs remains to be studied. In summary, miR-608 has obvious potential for the diagnosis, prognostication and treatment of cancer. To benefit patients in the future, new drugs need to be designed through potential technical routes, and clinical trials need to be carried out as soon as possible.
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Immunotherapy represented by immune checkpoint inhibitors has gradually entered a new era of precision medicine. In view of the limited clinical benefits of immunotherapy in patients with digestive system cancers, as well as the side-effects and high treatment costs, development of biomarkers to predict the efficacy of immune therapy is a key imperative. In this article, we review the available evidence of the value of microsatellite mismatch repair, tumor mutation burden, specific mutated genes or pathways, PD-L1 expression, immune-related adverse reactions, blood biomarkers, and patient-related biomarkers in predicting the efficacy of immunotherapy against digestive system cancers. Establishment of dynamic personalized prediction models based on multiple biomarkers is a promising area for future research.
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1 Introduction

Immune checkpoint inhibitor (ICI) therapy has transformed the treatment landscape for advanced-stage forms of many cancers, especially non-small cell lung cancer (NSCLC), melanoma, head and neck squamous cell carcinoma, kidney cancer and digestive system cancers. Despite several studies showing good long-term outcomes of these therapies, in clinical practice, the overall response rate (RR) in patients undergoing ICI treatment is unsatisfactory due to the heterogeneity of tumors, with only 20%–40% of patients benefiting from it in most scenarios. Therefore, identification of predictive biomarkers that can help screen patients who are most likely to respond to immunotherapy will help reduce unnecessary treatment costs and avoid immune-related adverse events (irAEs). In the era of personalized medicine, a variety of immunohistochemical techniques and high-throughput sequencing of the human genome are poised to play an increasingly important role by identifying clinically-relevant biomarkers using specimens such as blood samples and tissue specimens. In the context of cancer treatment, assessment of these biomarkers at baseline and at different time-points during treatment can provide valuable information to guide therapeutic decision-making. Moreover, use of a combination of clinical and molecular biomarkers is likely to play an important role in clinical decision-making. Extensive research has been conducted on biomarkers of immunotherapy efficacy in the context of NSCLC and melanoma, but there is a paucity of related studies on digestive system cancers. In this review, we discuss the currently available biomarkers that can help predict the efficacy of ICI therapy in patients with digestive system cancers (Figure 1).




Figure 1 | Overview of the biomarkers for predicting the response to ICI therapy in digestive system cancers.





2 Biomarkers of ICI Therapeutic Efficacy Against Digestive System Cancers


2.1 Tumor Genome Biomarkers


2.1.1 Mismatch Repair Deficiency and Microsatellite Instability

Microsatellites are short tandem repeats throughout the human genome characterized by single nucleotide, dinucleotide or high nucleotide repetitions, and the number of repetitions is 10–50 times. Compared with normal cells, tumor cells exhibit altered length of microsatellites due to the insertion or deletion of repeat units, a phenomenon referred to as microsatellite instability (MSI). Mismatch repair (MMR) expression loss can cause accumulation of mismatches during DNA replication, leading to the occurrence of MSI. In 2017, the United States Food and Drug Administration (FDA) approved PD-1 antibody drugs for the treatment of "mismatch-repair-deficient (dMMR)/microsatellite instability-high (MSI-H)" type solid tumors. This is the first anti-tumor therapy that is not based on the source of the tumor, but on molecular biomarkers in a wide range of tumors, laying the foundation for tumor ICI treatment markers. The reported incidence of MSI-H in gastric cancer (GC) and colorectal cancer (CRC) is 9% and 15%–20%, respectively, while the incidence is as high as 69.5% in Lynch syndrome adenocarcinoma (1–3). Clinically, MSI has been used as an important prognostic molecular biomarker in patients with CRC and other solid tumors, and has been used to inform formulation of adjuvant treatment plans; it has also been used to assist in the screening of Lynch syndrome.

In the landmark CHECKMATE 142 trial, MSI-H/dMMR patients with metastatic CRC showed a high degree of benefit from nivolumab treatment with an objective response rate (ORR) of 31%, of which 51 patients (69%) had disease control for ≥12 weeks, and all patients survived during the 12-month follow-up period (10). These patients showed a more sustained clinical benefit from nivolumab and ipilimumab dual immunotherapy, with ORR as high as 55% (11). In the study by Le et al. (9), ORR (40% vs 0%) and 20-week progression-free survival (PFS) rate (78% vs 11%) of metastatic CRC patients treated with pembrolizumab were significantly greater than those of proficient mismatch repair (pMMR) patients. The median progression-free survival (mPFS) and median overall survival (mOS) were not reached in the cohort with dMMR CRC, but were 2.2 and 5.0 months, respectively, in the cohort with pMMR CRC at a median follow-up period of 36 weeks (9). Subsequently, Le have expanded this study to evaluate efficacy of PD-1 blockade in patients with advanced dMMR cancers across 12 different tumor types. Objective radiographic response was observed in 53% and complete response (CR) was achieved in 21% of patients. Neither mPFS nor mOS has been reached yet over a median follow-up time of 12.5 months (2). The results of KEYNOTE-164 and KEYNOTE-158 also further demonstrated the sustained clinical benefit of pembrolizumab in patients with MSI-H/dMMR metastatic CRC (13, 14). In the study by Noor et al., although the MSI-H/dMMR phenotype accounted for only 0.8% of pancreatic cancer patients, in the 7 patients treated with ICI, the mPFS was 8.2 months, and the mOS was not reached during the follow-up period of 6.8 months, resulting in better clinical benefit (12).

dMMR tumors often have a higher density of tumor infiltrating lymphocytes (TIL), and the "high immunogenicity" established by the large number of mutant neoantigens in dMMR tumors may be closely related to the efficacy of PD-1 inhibitors (9). The current National Comprehensive Cancer Network (NCCN) guidelines recommend the use of immunohistochemical staining methods to detect MSI from the protein level, and molecular-level polymerase chain reaction methods to detect specific microsatellite repeat sequence amplification to determine MSI status; however, there are still problems in the detection or interpretation process. With the widespread application of high-throughput sequencing platforms, next-generation gene sequencing (NGS) is being gradually applied for detection of microsatellite status, and can greatly increase the sensitivity of detection (18).



2.1.2 Tumor Mutation Burden

Tumor mutation burden (TMB) is an exploration of tumors at the level of human genome. TMB is defined as the number of somatic mutations in the whole genome after including the germ line DNA variants. The enhanced tumor immunogenicity and low immunosuppressive tumor micro-environment (TME) of high tumor mutation burden (TMB-H) can affect the sensitivity and clinical efficacy of ICI therapy based on the underlying assumption that TMB-H can create antigenic peptides (15, 19). In 2020, based on the findings from the phase 2 KEYNOTE-158, TMB was approved by FDA for the treatment of patients with any unresectable or metastatic non-dMMR/MSI TMB-H (TMB≥10 mut/MB) solid cancer that has progressed on prior therapy and for which no alternative treatment options are available. The KEYNOTE-158 study included patients with advanced malignancies involving the anal canal and biliary system; after a median follow-up of 37.1 months, objective response (OR) were observed in 30 (29%) of 102 patients in the tissue TMB-H (tTMB-H) group (≥10 mut/MB) and 43 (6%) of 688 patients in the non tTMB-H group. These findings indicated that the tTMB-H subgroup of patients may show a robust tumor response to pembrolizumab monotherapy (7). In a retrospective study of 1638 tumor patients, including CRC and hepatocellular carcinoma (HCC), who received immunotherapy and underwent full genetic testing and TMB assessment, TMB-H was independently related to efficacy of immunotherapy. TMB-H patients (TMB≥20 mut/MB) had significantly higher RR (58% vs 20%) and mPFS (12.8 vs 3.3 months) than those with low tumor mutation burden (TMB-L), and there was a positive linear correlation between TMB-H and the efficacy of anti-PD-1/PD-L1 monotherapy (4). In a study of 58 patients with advanced GC treated with toripalimab, TMB-H patients (TMB≥12 mut/MB) had significantly longer OS than patients with TMB-L (14.6 vs 4 months) (5). Furthermore, in the study by Schrock et al., the mPFS for TMB-H patients with metastatic CRC has not been reached (median follow-up >18 months) while the mPFS of TMB-L patients was 2 months (6). According to a recent research, TMB-H CRC in the Cancer Genome Atlas showed a trend towards increased RR and significantly improved prognosis (15). The above research results suggest that TMB is a novel and useful biomarker in patients with MSI-H mCRC, GC, and HCC, which can help stratify patients based on the likelihood of clinical benefit of ICI therapy.

However, the FDA approval for use of TMB has been met with mixed reviews. McGrail's analysis determined the correlation between TMB and survival benefit by analyzing genetic data of more than 10,000 cancer patients. The results failed to support the use of TMB-H as a biomarker for ICI treatment in all solid cancer types. TMB-H was found to predict the efficacy of immunotherapy for category I cancers types (such as CRC) where neoantigen load is related to CD8 T cell levels, while TMB-H was not found to predict response in category II cancer types where neoantigen load is not positively correlated with CD8 T-cell levels. Therefore, as the predictive value of TMB differs in different tumor types, further tumor type-specific research is necessary (15).

There is no clear consensus about several aspects of the use of TMB in predicting the efficacy of ICI therapy, such as the definition of the TMB-H threshold. In addition, whether TMB is a predictive or prognostic marker, or both, is not clear. Wu found that TMB has different effects on survival outcomes in different cancer types and can be incorporated in prognostic and risk stratification (20). Another important shortcoming is that TMB cannot more specifically reflect the immunogenicity of neoantigens. As an emerging auxiliary indicator of the TMB, the tumor neoantigen burden (TNB) is an indicator that reflects the total number of neoantigens in tumor cells. Tumor neoantigens can be presented by human MHC molecules and activate immune cells, and patients with more neoantigens are more likely to continue to benefit from immunotherapy. There is a highly significant correlation between TNB and anti-PD-1 treatment response, and TNB can directly and more accurately predict the response of anti-PD-1 treatment than TMB (21). TNB predicts the benefit of immunotherapy for digestive system cancers. Further research is required to explore whether TNB can replace TMB as a valuable immune predictor. In summary, the somatic mutation rate of tumors and the potential to form neoantigens are related to their sensitivity to ICI therapy. NGS technology used in combination with MSI and TMB analysis may be a more accurate tool for selecting cancer patients for immunotherapy (22).

In clinical settings, tissue biopsy is the standard for cancer diagnosis and treatment, and tTMB test is the primary choice when tumor tissue can be obtained or is adequate for use. However, TMB measurement in tumor tissue biopsy specimen is typically limited to a specific region of the tumor and may not accurately reflect the mutation panorama of the entire tumor; in particular, it may not capture the spatial and temporal heterogeneity found in patients with metastasis, and the main reason for the failure of detection lies in insufficient tumor tissue and/or tumor cells. Recent studies have emphasized that detecting blood TMB (bTMB) offers practical advantages over use of tissue to detect tTMB. It is a simple and non-invasive alternative to tissue biopsy. It has advantages of fast turnaround time, high patient compliance, good specificity, low heterogeneity, and repeated sampling. Yang evaluated the bTMB of peripheral blood circulating tumor DNA (ctDNA) in patients with esophageal cancer, and found that the RR in the high bTMB group (bTMB >8) was significantly greater than that in the low bTMB group (bTMB ≤8) (61.5% vs 47.1%), confirming the feasibility of bTMB as an immunotherapy biomarker for esophageal cancer (8). In the MYSTIC study, bTMB was found to have a higher detection success rate than tissue samples (81% vs 63%) (23). However, the limitations of bTMB are that detection of mutations in plasma samples is influenced by the amount of tumor shedding, the depth of coverage, and clonal hematopoietic mutations. In addition, ctDNA content may also affect bTMB prediction efficiency. In order to overcome this limitation, in a study of lung cancer, ctDNA content of patients was incorporated into the algorithm model of bTMB, and the concept of low allele frequency bTMB was proposed, suggesting a significant correlation between ctDNA content and survival (24). It was more accurate than traditional bTMB in predicting the benefits of immunotherapy in this population. This study indicates the need to explore the potential biological mechanism of the predictive value of bTMB and to further optimize the predictive value of bTMB in digestive system tumors. 

Intratumoral heterogeneity (ITH) refers to spatial or temporal heterogeneity with respect to the distribution of genomic diversity in a single tumor, resulting from cumulative gene mutations. Patients with low ITH were found to perform better in presentation and recognition of neoantigens during immunotherapy, predicting the prognosis in NSCLC (25). The research indicated that the response to immunotherapy can be optimally predicted by using the combination of ITH and TMB, and subsequently verified a consistent role of ITH in esophageal and GC. Further studies are required to expand the use of ITH in predicting the response of digestive system cancers to immunotherapy.

The level of correlation between subsets of biomarkers should also be noted, in particular, mutation metrics, such as subclonal TMB and cloned TMB. Kevin collated whole-exome and transcriptomic data from >1000 patients with 8 cancer types (including CRC) who were treated with ICI, to validate the multivariate predictors of immunotherapy (26). They found that clonal TMB was the strongest predictor of ICI response, followed by TMB and CXCL9 expression, while subclonal TMB and somatic copy alteration burden showed no significant predictive ability. They also observed a negative association between the burden of subclonal mutations and all indicators of immune infiltration, such as characteristics of CD8 effects, which is consistent with the recent emphasis on immunosuppressive effects of high burden of subclonal mutations. Tumors with high levels of neoantigens have a lower antigen dose than homogenous tumors with a high clonal neoantigen load, thus reducing the chances of recognizing T cells that respond to subclonal neoantigens (27). When T cells respond to subclonal neoantigens, these cells will not be able to target all tumor cells, thus limiting the attack on the tumor as a whole (28). These studies highlighted that neoantigen heterogeneity may influence immune surveillance and support the use of clonal neoantigens as biomarkers for predicting the efficacy of immunotherapy.



2.1.3 Specific Mutated Genes or Pathways

The NGS technology provides reliable targets and biomarkers of response to ICI treatment of digestive system cancers. The available data provides novel insights for defining biomarker-driven immunotherapy responses in specific genes mutations.

In the study by Harding, activation of altered Wnt/β-catenin signaling in HCC patients was found to be associated with lower disease control rate (DCR) (53% vs 0), shorter mPFS (7.4 vs 2.0 months) and mOS (15.2 vs 9.1 months) (16). In HCC, Wnt/CTNNB1 mutations characterize the immune excluded class and WNT activation leads to T-lymphocyte exclusion, making it a predictive biomarker of intrinsic innate resistance to ICI therapy in HCC (29). Therefore, HCC patients with alterations of non-WNT pathway notably respond or derive clinical benefit from immunotherapy. However, due to the small sample size and confounding factors in this study, further large-scale studies are required to confirm the clinical significance of Wnt/CTNNB1 mutations. In addition, POLE and POLD1 are genes encoding DNA polymerase subunits that play a key role in the proofreading fidelity of DNA replication. POLE mutations are more common in patients with right colon cancer, stable microsatellites, and young men. In a study of 47,721 patients with various cancers including CRC, esophagogastric cancer, cholangiocarcinoma, HCC, and pancreatic ductal adenocarcinoma (PDAC), patients with POLE or POLD1 mutations were found to have significantly higher TMB than those without these mutations, and their OS was significantly longer than that of wild-type populations (34 vs 18 months), which has been verified as an independent predictor of ICI treatment (17). Furthermore, Hu collectively reviewed the association between ARID1A inactivation and MMR, TMB, PD-L1, and TME. They found that ARID1A mutation may potentially serve as a predictive biomarker for ICI therapy in GC (30). The potential basis for ARID1A deficiency and immunotherapeutic sensitivity may be related to its disruption of mismatch repair, promotion of tumor mutation, increase of PD-L1 expression, and regulation of TME. In addition, the TMB of PRKDC mutation samples was significantly higher than that of PRKDC wild-type samples, especially in GC and CRC. Based on the TCGA tumor database, the expressions of CD8+T cells, NK cells, immune checkpoints, and chemokines were significantly increased in PRKDC mutation samples. PRKDC mutations predict favorable response to ICI therapy in lung cancer and melanoma, and can be further promoted in gastrointestinal (GI) cancers in the future (31). Moreover, human leukocyte antigen (HLA) gene is a polymorphic region in human genome. Increase in somatic mutation rate of HLA gene is significantly correlated with HLA dysfunction, which is a potential mechanism of immune escape, involved in carcinogenesis and tumor progression, and affects the efficacy of immunotherapy. HLA class I genotype polymorphism was shown to be associated with better prognosis in patients with NSCLC and advanced melanoma (32). In patients with advanced esophageal cancer, the immunotherapy RR (85.71% vs 27.27%) and mPFS (7.683 vs 1.867 months) of patients with HLA heterozygous type were significantly higher and longer than those of homozygous type, respectively, suggesting that HLA typing may be a potential biomarker for predicting immunotherapy efficacy (see Table 1) (8).


Table 1 | Predictive ability of tumor genome-related biomarkers for response to ICI therapy for digestive system cancers.



Confirmation of the above preliminary data on the predictive effect of gene mutations in current and future clinical trials will widen the prospects of their use to inform treatment decision-making with respect to immunotherapy for digestive system cancers.




2.2 PD-L1 Expression

PD-L1, expressed on immune and tumor cells, interacts with PD-1 on immune checkpoint proteins that negatively regulate anti-tumor immune response, which enables tumor cells to evade immune surveillance. PD-L1 expression is closely related to a wide pattern of coregulated gene expression including T cell activation markers, T cell cytokine recruitment, and antigen presentation across multiple cell types (33). The expression level of PD-L1 seems to reflect the balance between host immune response and cancer immune escape, and it is higher in malignant tumor tissues than in precancerous lesions and normal tissues (34, 35). The combined positive score (CPS), tumor proportion score (TPS), and immune cell proportion score (IPS) are commonly used clinical evaluation criteria for PD-L1 expression, as a direct predictor of anti-PD-L1/PD-1 immunotherapy efficacy.

Several large randomized controlled trials have demonstrated the potential use of PD-L1 expression as a predictive biomarker (36, 38). In the KEYNOTE-059 study, 259 patients with previously treated advanced-stage GC or gastro-esophageal junction adenocarcinomas received pembrolizumab; the ORR was 15.5% in patients with a CPS of ≥1 versus 6.4% in those with a CPS of <1 (36). In the KEYNOTE-062 trial, among patients with advanced GC who received pembrolizumab as first-line treatment, those with CPS ≥ 10 showed longer OS (17.4 vs 10.6 months) than those with CPS ≥ 1 (38). Moreover, in heavily pretreated patients with advanced, metastatic adenocarcinoma (AC) or squamous cell carcinoma (SCC) of the esophagus, those with PD- L1 CPS ≥10 showed significantly greater ORR compared to those with CPS <10 (13.8% vs 6.3%) (41). For second-line treatment of AC or SCC, in the Chinese subgroup of the KEYNOTE-181 study, the mOS of those with PD-L1 CPS ≥ 10 was nearly two-fold greater than those with PD-L1 CPS <10 (12.0 vs 6.4 months) (37).

However, there is no clear consensus on the predictive ability of PD-L1 expression as a marker of response to ICI therapy. In the cohort of toripalimab monotherapy for advanced refractory GC, mPFS (5.5 vs 1.9 months, P = 0.092) and mOS (12.1 vs 5.3 months, P = 0.45) were highly increased in PD-L1 positive patients, but the differences in survival outcomes were not statistically significant (5). Furthermore, exploratory biomarker analysis of PD-L1 expression (≥1% or <1%) showed no significant difference in ORR (28.6% vs 27.7%) and DCR ≥12 weeks (52.4% vs 74.5%) in the nivolumab arm for CRC patients, suggesting that PD-L1 is not a predictive biomarker in these patients (10). Patients with dMMR/MSI-H mCRC showed response to nivolumab plus ipilimumab dual immunotherapy, irrespective of tumor PD-L1 expression (11). A meta-analysis of 9 studies found that high PD-L1 expression rate is associated with poor prognosis of ICI therapy for PDAC (43). In the CHECKMATE 040 study, baseline PD-L1 status in tumor cells showed no apparent effect on ORR in patients with advanced HCC treated with nivolumab (TPS≥1% 26% vs TPS<1% 19%) (40). Use of PD-L1 expression in combination with other biomarkers seems to reduce the offset of a single marker and predict ICI therapy efficacy more accurately. Chemo-refractory GC patients who were TMB-H and PD-L1 positive showed long-term benefits of toripalimab with respect to ORR (33.3% vs 3.0%), PFS (2.7 vs 1.9 months), and OS (12.1 vs 4 months) compared with those with TMB-L and PD-L1 negative status (5).

However, for PD-L1 expression assessment assays, CPS and TPS may have different values for predicting survival benefits. Compared with TPS, CPS is not limited to PD-L1 expression in tumor cells, but includes the sum of all PD- L1 positive cells (tumor cells, lymphocytes, and macrophages). In the KEYNOTE 224 trial, PD-L1 expression assessed by CPS score showed a correlation with the ORR benefit of pembrolizumab treatment in HCC patients (CPS≥1 32% vs CPS<1 20%); however, there was no significant correlation between TPS and therapeutic efficacy, suggesting that the combination of CPS score and TPS score may improve the predictive value of PD-L1 immunohistochemical assay (Table 2) (39). Moreover, the use of CPS to determine PD-L1 expression appears to be a more sensitive prognostic biomarker than TPS in GC, but this conclusion has not been generalized to all digestive system cancers (44).


Table 2 | Predictive ability of PD-L1 expression for response to ICI therapy for digestive system cancers.



Subclonal genotypes, transcriptome, and epigenetic changes may influence immune escape and explain intratumoral PD-L1 diversity. In MSS mCRC patients, PD-L1 mutations were shown to mediate immune escape of a subset of tumor subclones against avelumab, thereby affecting the efficacy of immunotherapy in a subset of patients expressing high-affinity FcγR3a (45). Patients with PD-L1 mutated subclones showed a higher-than average therapeutic benefit, showing slow dynamics reversing on avelumab withdrawal, which suggest that PD-L1 mutations may mediate the development of resistance to the direct antitumor effects of avelumab. Further trials are required to evaluate the specific clinical benefits of immunotherapy in this subset of MSS mCRC patients.

PD-L1 is a strong predictor of the efficacy of cancer immunotherapy, although it is not completely perfect. There is considerable heterogeneity in the expression of PD-L1 between tumors and within tumors, and its expression is not homogenous even in a pair of independent tumor lesions (46). Paolino found that PD-L1 expression was underestimated in biopsy compared with resected specimens, while the positive expression of PD-L1 was higher in metastatic lymph nodes than in primary tumors (47). In addition, the expression of PD-L1 is inducible and dynamic, and may be affected by interferons and toll-like receptor ligands, radiotherapy, targeted therapy, and chemotherapy (48, 49). Currently, PD-L1 expression is mainly detected using immunohistochemical methods, and there is considerable variability with respect to the positive thresholds set by different studies, the antibody detection platforms and the detection techniques used. Recent studies have analyzed assays for evaluating PD-L1 expression, and the results demonstrated that SP263 assay tended to increase the degree of positive expression while SP142 assay tended to stain better immune cells (50). Cerbelli explored the inter-observer reliability and correlation between PD-L1 expression assays, which revealed high agreement between the 22C3 PharmDx assay and the SP263 assay, suggesting that the two antibodies are interchangeability in immunotherapy (51). Furthermore, the lack of predictive utilization of PD-L1 expression is also attributable to dynamic changes in the TME and the fact that baseline tests may not reflect rapid variation of PD-L1 expression due to adaptive responses to treatment (52). These limitations further heighten concerns about the accuracy of PD-L1 expression. Therefore, formulation of a standardized PD-1/PD-L1 detection method is a key imperative. The expression of PD-L1 alone is not enough to screen people who can fully benefit from ICI treatment.

Moreover, amplification or higher expression of PD-L1 showed an independent association with dismal survival in HCC patients, authenticating the PD-1/PD-L1 axis as rational immunotherapeutic targets for HCC. Since the dynamics and turnover of translation and transcription levels may be different, clinical biomarker assessments usually adopt the PD-L1 protein level rather than the mRNA level for HCC (53). However, PD-L1 expression failed to predict the efficacy of ICI therapy in MSS CRC (10, 11). In a recent study, PD-L1 mRNA levels, but not the protein level, was associated with CD8+ T cell infiltration and better prognosis of immunotherapy for MSS CRC. The inconsistency between PD-L1 protein and mRNA expressions may indicate that PD-L1 regulation occurs post transcriptionally (42). Furthermore, some studies have shown a strong correlation of PD-L1 mRNA expression with prognosis in the context of NSCLC and malignant melanoma (54). The predictive value of PD-L1 or PD-L1 mRNA for immunotherapy is likely to vary due to cancer heterogeneity. Larger prospective clinical trials are required to verify whether PD-L1 mRNA can be a potential predictor of response to immunotherapy in patients with digestive system cancers. Moreover, there is a need to explore models that combine multiple biomarkers and/or assay methods to improve the predictive ability for immunotherapy efficacy.



2.3 Blood Biomarkers


2.3.1 Peripheral Blood Biomarkers

Peripheral blood biomarkers in routine clinical practice can help predict the treatment outcomes of digestive system cancers, and thereby facilitate risk-stratification and therapeutic decision-making for this patient population. Among the common laboratory tests, neutrophil-to-lymphocyte ratio (NLR) and absolute lymphocyte count (ALC) may be effective surrogate markers for predicting the outcome of immunotherapy for digestive system cancers. Namikawa found that the NLR after 4 weeks of nivolumab therapy in the CR or partial response (PR) group was significantly lower than that in the stable disease (SD) or progression disease (PD) group (2.2 vs 2.9, P=0.044) (55). Besides, another study of 26 advanced GC patients treated with nivolumab also investigated on the role of NLR before the first cycle (NLRpre) and NLR at two weeks after the first administration (NLRpost) in predicting the efficacy of immune therapy (56). After stratifying patients into high NLR (≥5) and low NLR (<5) groups, the mPFS was shorter in the high NLRpre arm (45 vs 87 days) and high NLRpost arm (28 vs 94 days). Consistently, high NLRpre arm (175 vs 290 days) and high NLRpost arm (69 vs 290 days) showed significantly shorter OS. In the study by Ohta et al., the 6-month OS rate of patients with ALC>1,600/mL (100%) and NLR<4 (63%) was greater than that of patients with ALC<1600 mL (35%) and patients with NLR>4 (33%), respectively (57). The potential reason of dynamic changes in NLR as a predictive indicator may be related to changes in the relative proportion of circulating lymphocytes during nivolumab therapy. As a specific biomarker of HCC, alpha-foetoprotein (AFP) may also help predict the efficacy of immunotherapy. Patients with early response (decrease in AFP level by at least 20% from pre-treatment level within the initial 4 weeks of treatment) exhibited longer OS (28.0 vs 11.2 months) and PFS (15.2 vs 2.7 months), becoming an independent predictor of longer OS (58).

Some compound blood biomarkers also have ability to predict clinical efficacy. The association of such a cost-effective and widely accessible biomarker like NLR to TMB seems an implementable strategy worth exploring. Valero performed a retrospective cohort study of 1714 patients with various cancer types (including GC, CRC, HCC, PDAC, and ESCA) who were treated with ICI therapy; the probability of benefit from ICI was found to be significantly higher in the NLR low/TMB-H group compared to the NLR high/TMB-L group (62). Composite markers, such as prognostic nutrition index (PNI) and Glasgow prognostic score (GPS), which are based on a combination of routine blood parameters (serum albumin, lymphocyte count, C-reactive protein, and hypoalbuminemia), have been used to evaluate inflammatory status in GC patients. In a study, pre-treatment PNI in the CR or PR group was significantly better than that in the SD or PD group (37.1 vs 32.1, respectively; P=0.011). PNI at 8 weeks post-treatment and pre-treatment GPS showed significant association with poor efficacy of nivolumab therapy (55).

However, the methodology used to determine the cutoff levels of these peripheral blood biomarkers is unclear in many studies. Owing to different cutoff levels used in previous studies, further studies are required to determine the optimal cut-off levels of hematological markers for different cancers. In other cancers such as NSCLC or melanoma, the levels of lactate dehydrogenase, carcinoembryonic antigen, carbohydrate antigen199, and carbohydrate antigen125 have also been shown to be related to efficacy of immune therapy (63). Recent studies suggest that peripheral blood LAG-3 protein may be an important biomarker for predicting ICI efficacy in patients with melanoma (64). However, further research is required to explore accurate hematological markers in the context of digestive system cancers.



2.3.2 Liquid Biopsy Biomarkers

Long-term monitoring of the occurrence and development of cancers is an important aspect of precision medicine. However, tissue biopsy is not convenient enough for this purpose. Therefore, use of liquid biopsy in the context of cancer treatment is a useful evolving trend. Circulating tumor cells (CTCs), circulating tumor DNA (ctDNA), and exosomes together constitute the three major goals of liquid biopsy.

ctDNA mutation load can not only predict the response before treatment, but the change of ctDNA immediately after treatment can also strongly predict the response to immunotherapy. The ORR of patients with higher ctDNA mutation load was significantly greater than that of lower ctDNA (83% vs 7.7%, P=0.0014), and was shown to improve mPFS (87 days vs not reached). Besides, all patients who showed increasing ctDNA after treatment experienced PD within 100 days, and demonstrated significant decrease in DCR (92% vs 25%) and ORR (58% vs 0%), resulting in a shortened mPFS (123 days vs 66 days) (59). Moreover, Bratman found that the decline in ctDNA levels after pembrolizumab therapy was an independent predictor in patients with solid tumors. They also found that assessment of the changes in ctDNA levels in combination with the evaluation criteria for solid tumors in the third cycle of treatment could help identify patients who are unlikely to benefit from ICI treatment at an early stage. All 12 patients with ctDNA clearance during ICI therapy survived with median follow-up of 25 months (65). Furthermore, the proportion of CTCs with high PD-L1 expression at baseline and monitoring the early dynamic changes in CTC were found to predict the clinical efficacy of Sintilimab (61). At baseline, patients above the cutoff value of PD-L1high CTCs had significantly longer mPFS compared with those below the value (4.27 vs 2.07 months, P=0.002). At 9 weeks after the initiation of therapy, patients with PD-L1high CTCs <2 showed significantly better mPFS than patients with PD-L1high CTCs ≥2 (3.4 vs 2.1 months, P=0.031). The ratio of PD-L1high is of great value in predicting the efficacy of ICI therapy, and the results of a prospective study of this predictive marker have shown promising results. It is crucial to obtain enough high-purity CTC cells to determine the expression of PD-L1 protein.

Plasma cell free DNA (cfDNA) is a degraded DNA fragment released into plasma. Yang et al. constructed a copy number variations (CNV) risk score model based on peripheral blood cfDNA to predict the efficacy of ICI-based therapy in patients with hepatobiliary cancers. In cohorts receiving combination of ICI-based therapies, patients with lower CNV risk scores had longer OS [not reported (NR) vs 6.5 months] and PFS (6.17 vs 2.6 months) than those with high CNV risk scores (see Table 3) (60).


Table 3 | Predictive ability of hematological biomarkers for response to ICI therapy for digestive system cancers.



The above studies demonstrate the potential clinical utility of blood-based surveillance in patients receiving ICI therapy. Blood is a specimen that can be provided at the time of diagnosis. Compared with a single-point biopsy, blood tests are not easily interfered by sampling bias, which reduces the heterogeneity associated with sampling of tumor tissue. In addition, blood tests are minimally invasive, allow repeated sampling, and are associated with better patient compliance. Therefore, future basic and clinical research is required to further clarify the predictive value of soluble PD-L1 and bTMB in digestive system cancers (66). Furthermore, soluble B7-CD28 family inhibitory immune checkpoint proteins (including soluble CTLA-4, soluble B7-1 and soluble B7-H4) play a wide role in anti-cancer immunomodulatory regulation. Therefore, these may serve as valuable prognostic biomarkers that can predict the therapeutic response, while also opening up new opportunities for anticancer immunotherapy (67).




2.4 Tumor Microenvironment (TME)

The TME is a complex tumor ecosystem that supports tumor growth and metastatic dissemination (68), and can reflect the response of the tumor to immunotherapy. TILs status is an important component of the heterogeneity of TME and mediates adaptive immunity.

A comprehensive immuno-genomic analysis of tumor microenvironment immunetypes (TMITs) classified it into four subgroups based on the expressions of PD-1 and CD8 in TILs. In the category of digestive system cancers, TIMT I subgroup (PD-L1 immunoreactivity of tumor cells and CD8 high expression of TILs) showed a significantly higher number of mutations or neoantigens in CRC and GC patients receiving anti- PD-1/PD-L1 therapy (69). On survival analysis according to TMIT, TMIT I showed the most prominent favorable prognostic effect. Furthermore, Noh performed another TMIT study in patients with small intestinal adenocarcinoma. TMIT I subgroup (PD-L1-positive tumor cells and CD8-high TILs) and TMIT III subgroup (PD-L1-positive tumor cells and CD8-low TILs) showed the best and worst outcomes of immunotherapy, respectively (73). However, the classification standards for immune type are not completely standardized, and further characterization of the immune type of patients with digestive system cancers may provide a breakthrough for ICI therapy in these patients.

Some studies indicated that tumors with high expression of T cell-"inflamed" phenotype show favorable response to immunotherapy. T-cell inflammatory gene expression profile (GEP) can be used as an inflammatory marker of T-cell inflamed TME, which was associated with longer PFS and higher ORR in patients treated with pembrolizumab (33). Tumors with "inflammatory" T cell infiltration are characterized by activation of type I IFN, immune potentiating chemokines that attract T cells, antigen presentation, and CD8+ T cells, while tumor tissues with "non-inflammatory" T cell infiltration lack such expression and activation. The researchers hypothesized that a treatment regimen that converts non-inflammatory T-cell subtypes to inflammatory T-cell subtypes may enhance the sensitivity of the tumor to treatment regimens that depend on T-cell activity, thereby enhancing the therapeutic efficacy of immunotherapy (74). Additional analysis showed that combined use of TMB and GEP stratified Pan-tumor into groups that showed different clinical responses to pembrolizumab monotherapy, with both response rate and PFS strongest in groups with GEP high and TMB high (75). TMB and GEP independently predict the therapeutic response owing to their unique characteristics of capturing neoantigenicity and T cell activation to provide new patterns for predicting response to immunotherapy.

The tumor microbiome is composed of tumor type-specific intracellular bacteria, which is an important part of the TME. Different types of tumors have their own unique microbiota. Proteobacteria dominate the microbiota of pancreatic cancer. Bacteria can be found in CD45+ immune cells, which indicates that they may affect or reflect the immune status of the TME. Researchers have found differences in the differential abundance of microbes in immunotherapy responders and non-responders. Some microorganisms are related to the effectiveness of ICI therapy, which may be related to the metabolic ability of bacteria in the TME (76).

Immune score has attracted increasing clinical attention, which is determined using standardized operating procedures and specialized image-analysis software to quantify the density of CD3+ and CD8+ T cells in the tumor and its invasive edge. The 5-year recurrence risk of CRC patients with high immune scores (8%) was significantly lower than that of patients with lower than medium (19%) and low immune score (32%) (see Table 4) (70).


Table 4 | Predictive ability of EBV, TME, BMI, and BLN for response to ICI therapy for digestive system cancers.



The TILs status and neoantigen changes after chemoradiotherapy can partly reflect the dynamic changes in the TME, which may induce immunotherapy response in patients who were hitherto non-responsive. How to screen such patients, or how to change the TME to improve response to immunotherapy, is an important direction for immunotherapy research to expand the application of immunotherapy and improve the effectiveness of immunotherapy.



2.5 Immune-Related Adverse Events

ICI treatment interferes with normal immune tolerance and triggers immune activation in normal tissues, leading to various irAEs. Of note, irAEs often indicate a good response to ICI treatment. In a multi-center retrospective study of patients with metastatic or unresectable GI cancer, patients with irAEs had longer mPFS (not reached vs 3.9 months) and mOS (not reached vs 7.4 months) than patients without irAEs (77). The above research highlighted the predictive potential of irAEs as a clinical biomarker in this population. In the studies of nivolumab for GC, a study of 65 GC patients showed significant improvement in mPFS (7.5 vs 1.4 months) and mOS (16.8 vs 3.2 months) in patients with irAEs compared with those without irAEs (78). Further study of 29 GC patients also confirmed the predictive effect of irAEs on PFS, with a significant increase in the median PFS in the irAEs group (5.8 vs 1.2 months) (55). Reactive causal capillary endothelial proliferation (RCCEP) is an extremely common skin irAE caused by camrelizumab. In a study, the mPFS (3.2 vs 1.9 months) and mOS (17.0 vs 5.8 months) of HCC patients with RCCEP was significantly greater than those of patients without RCCEP (79). In addition to HCC, camrelizumab therapy also increased the mOS of patients with RCCEP in a study of 228 patients with ESCC (10.1 vs 2.5 months) (see Table 5) (80).


Table 5 | Predictive performance of irAES for response to ICI therapy for digestive system cancers.



The relationship between irAEs and ICI efficacy is potentially attributable to presence of similar antigens in tumor cells and other normal tissues (81). When the immune system is activated, it targets not only tumor cells but also non-tumor sites. Furthermore, infiltration of CD4+ and CD8+T cells in the damaged sites leads to auto-immune dysfunction, resulting in a series of clinical adverse reactions. However, not all irAEs indicate better efficacy of immunotherapy, because severe irAEs, such as immune-associated pneumonia and myocarditis, can be fatal. Therefore, dynamic management of irAEs should still be strictly cautious, following the five principles of prevent, anticipate, detect, treat and monitor.



2.6 Patient-Related Biomarkers


2.6.1 Sex

In a meta-analysis of 20 randomized trials of immunotherapy for multiple tumors, including GC, survival benefits of ICI therapy differed significantly between men and women [pooled OS hazard ratio (HR): 0.86 vs 0.72, P=0.0019]. Although the differences were statistically significant, due caution should be exercised before drawing any definitive conclusions. Future research should focus on improving treatment outcomes in women and exploring different immunotherapy regimens for men and women. New immunotherapy studies should be designed to ensure that more women are enrolled in trials to obtain a more comprehensive evaluation (82).



2.6.2 Gut Microbiome Biomarkers

The dynamic balance of gut microbiome plays a positive role in maintaining the homeostasis of the immune system. However, disruption of this balance may participate in the occurrence and development of malignant tumors by regulating host immune regulation, apoptosis, autophagy, and other pathways. A recent study showed that gut microbiome can influence cancer immune reference point and it is thought to induce specific memory T cells by interferon-γ secreting CD4+and CD8+ T cells, which are associated with favorable results of anti-tumor immunotherapy (83).

Fluckiger identified major histocompatibility complex (MHC) class I-binding epitopes in the tail length tape measure protein (TMP) of a prophage found in the bacteriophage Enterococcus hirae. Mice carrying Enterococcus hirae containing this prophage mounted CD8+ T cell response upon anti-PD-1 immunotherapy, and improved the therapeutic effect of ICI therapy (83). In clinical studies, the response of patients to immunotherapy was shown to be related to the abundance of gut microbiome. Fecal samples from HCC patients responding to ICI therapy showed higher taxa richness than those of non-responders. At the 6th week of treatment, there was a significant difference in the beta diversity of the gut microbiome. In non-responders, Proteobacteria became predominant at week 12, while Akkermansia muciniphila and Ruminococcaceae, were significantly increased in ICI responders (84). Mager found that Bifidobacterium pseudolongum (B.pseudolongum), Lactobacillus johnsonii, and Olsenella species can enhance the efficacy of ICI therapy in CRC mouse models, and B. pseudolongum was found to enhance the response to immunotherapy through increased systemic translocation of inosine and activated anti-tumor T cells (85). Moreover, Drewes’s study indicated that the efficacy of the anti-PD-L1 and anti-CTLA-4 in CRC patients is reliant on commensal bacteria, such as bifidobacteria and bacteroides (86). During the development of pancreatic cancer, tumor local immunity and gut microbiome interact with tumor and change synergistically with histopathological progression. Combined targeting of gut microbiome composition and metabolic pathways may effectively improve the efficacy of immunotherapy in PDAC (87).

These studies provide fascinating insights into the relationship between gut microbiome and antitumor efficacy of ICI therapy, suggesting that the gut microbiome can be used as a predictor of immunotherapy efficacy, and even become a potential treatment modifier. In the studies confirming the efficacy of intestinal microflora in regulating immunotherapy, different microflora were found to play a major role, which may be related to the tumor species and the patient population. Further studies should be conducted to explore the mechanism by which gut microbiome activates the TME (88). Given the biological and clinicopathologic heterogeneity among different tumors and individuals, the prospective value of gut microbiome biomarkers needs to be further explored in a larger cohort with a unitary tumor type.



2.6.3 Epstein-Barr Virus Biomarkers

Epstein-Barr virus associated gastric carcinoma (EBVaGC) has unique molecular biology characteristics, and is, therefore, considered as an independent gastric cancer subtype in studies. An estimated 8%–10% of GCs are associated with EBV infection, and patients with EBVaGC were found to have a better prognosis compared with other genotypes (89). With the ongoing advances in the field of precision medicine, especially in the field of immunotherapy, EBVaGC diagnosis and ICI therapy have become contemporary research hotspots. Follow-up studies have shown that EBVaGC shows greater sensitivity to ICI therapy. In a study by Panda et al., compared with MSI tumors, EBVaGC subtypes had a lower mutation burden, but showed stronger evidence of immune infiltration; in addition, RNA-SEQ data showed high expressions of immune checkpoint pathway (PD-1, CTLA-4 pathway) genes, which seemed to confer greater benefit of avelumab treatment against EBVaGC subtypes (90). Furthermore, in another study, the efficacy of pembrolizumab in GC patients was associated with positive EBV. All EBVaGC patients achieved PR with a median duration of response of 8.5 months and the ORR was 100% (59).

The above studies indicated that EBV may serve as a predictor of the efficacy of immunotherapy for GC, while the following studies provide a strong rationale for testing of PD-1 blockade in EBV-positive GC. EBVaGC is characterized by marked intratumoral or peritumoral infiltration of immune cells. The infiltrating lymphocytes are mainly CD8+ T cells, and large infiltration of CD8+T cells in GC tissues is often accompanied by high expression of PD-L1 (91). In addition, the IL-12 mediated signal intensity in EBV-positive tumors suggests the presence of a robust immune cell response, which provides a basis for the detection of ICI in EBVaGC (92). Besides, Derks reported enrichment of interferon-γ driven gene signature in EBVaGC and the amplification of PD-L1 in EBVaGC cells was significantly greater than that in other GC subtypes, which also implies that EBVaGC may show greater sensitivity to PD-1/PD-L1 immunotherapy (93). The 2020 NCCN guidelines for GC suggested that tumor EBV status may be a biomarker for precision therapy of GC. Accurate detection is the premise of precise treatment, and EBV examination is crucial for ICI therapy and prognosis of EBVaGC patients.



2.6.4 Body Mass Index

Obesity is a global social and public health problem. Increased body mass index (BMI) is a known health hazard and is associated with an increased risk of cancer (94). A 5 kg/m2 increase in BMI showed a strong association with oesophageal, colon, and gallbladder adenocarcinoma. However, recent studies have highlighted the potential role of obesity as a biomarker of the efficacy of cancer immunotherapy. Cortellini conducted a retrospective study of advanced cancer patients consecutively treated with anti-PD-1/PD-L1 inhibitors. They found that mPFS, mOS, and time to treatment failure were significantly longer for patients with BMI≥25 kg/m2 (71).

The potential underlying mechanism by which obesity modulates the response to ICI therapy may involve obesity-induced immune aging and PD-1-mediated T cell dysfunction by leptin. PD-1-mediated T cell dysfunction was shown to enhance the efficacy of immune checkpoint blockade and confer long-term survival benefits (95). The relationship between BMI and OS should be interpreted with caution, as it may potentially be confounded by methodological limitations and heterogeneity with respect to study design. Therefore, it is vital to consider that patients with the same BMI may have significantly different body compositions and different prognosis, which reflect that BMI is not an adequate indicator of regional obesity. In addition to BMI, other indices such as waist circumference, visceral fat mass, subcutaneous fat mass, total body fat percentage, and trunk fat percentage should be integrated into comprehensive indicators to explore their relationship with benefits of ICI therapy (96). At present, the mechanism of “obesity paradox” needs to be further explored.



2.6.5 Nonalcoholic Steatohepatitis (NASH)

There are several etiological factors for HCC, among which NASH is an important driver of HCC. A recent study found that NASH limits the immunotherapy response of HCC to anti-tumor surveillance, and is a predictor of unfavorable outcomes of ICI therapy. After anti-PD1 treatment in NASH-related HCC mice, pre-existing HCC tissue showed no regression and there was an increase in CD8+/PD1+T cells in HCC tissue, suggesting that the activated immune cells may not play an immune surveillance role, but show the potential of tissue destruction (97). To further determine the clinical significance of disrupted immune surveillance in NASH after ICI treatment, Pfister conducted a meta-analysis of the three large randomized controlled trials (CHECKMATE-459, IMbrave150, and KEYNOTE-240) of patients with advanced HCC and found that non- alcoholic fatty liver disease (NAFLD) was associated with shorter mOS (5.4 vs 11.0 months) and mPFS (8.8 vs 17.7 months). After adjusting for potential confounders, NAFLD still showed an independent association with shorter survival in HCC patients treated with ICI. Due to the limited size of the study cohort, future prospective clinical studies are required to provide more robust evidence.



2.6.6 Helicobacter pylori

Helicobacter pylori (H. pylori) colonizes the gastric mucosa of 50% of the world's population and is related to geographical factors such as diet and lifestyle. H. pylori actively manipulates host tissue, establishes an immunosuppressive environment, and mediates immune regulation, which negatively affects a large number of immune cell types associated with antitumor immunity. Therefore, H. pylori infection is considered to attenuate the response to cancer immunotherapy (98). Oster's team used an MC38 colorectal adenoma tumor model to evaluate whether H. pylori reduces the efficacy of anti-CTLA-4 therapy. In this study, the tumor size of mice that were not infected with H. pylori was significantly smaller than that of the infected mice. Furthermore, they evaluated the effect of H. pylori infection on the immunotherapy efficacy in tumors developing in situ using a model of azoxymethane/dextran sodium sulfate colon cancer. Notably, the number of colon tumors in uninfected mice treated with anti-CTLA-4 was significantly lower than that in H. pylori infected mice. This study provided evidence that the presence of H. pylori in the gastric microbiota may jeopardize the efficacy of immunotherapies (99).



2.6.7 Other Predictive Markers

Patients with high initial tumor burden often have poor immune status and show poor response to immunotherapy. Recent research suggested that baseline lesion number (BLN) is a potential indicator of tumor burden, which takes priority over tumor size and can reflect the effect of tumor biology on immunotherapy sensitivity; in addition, BLN can be used in combination with TMB for better stratification of patients with respect to the risk of immunotherapy. The BLN-Low group showed better ORR and DCR compared with BLN-High group (15.4% vs 5.3% and 86.96% vs 54.29%, respectively). However, combined use of BLN and TMB showed better efficacy in predicting the benefits of immunotherapy. This study suggested that use of a combination of clinical and molecular biomarkers may have greater clinical relevance. The BLN-Low (≤ 5) and TMB-H (≥12 mutations/Mb) groups showed higher ORR (37.5% vs 0%) and DCR (62.5% vs 13.3%) , as well as longer PFS (not reached vs 1.7 months) and OS (not reached vs 2.7 months), compared with the BLN-High and TMB-L groups (see Table 4) (72).





3 Conclusion

In an era of immunotherapy, several biomarkers have been identified to predict the response to immunotherapy. However, the vast majority of biomarkers have shown limited predictive value in the context of digestive system cancers. This may be attributable to the fact that digestive system cancers is a large class of tumors with considerable heterogeneity, and which is possibly itself involved in regulation of gut microbiome and the TME. This may also be related to the lower response rate of digestive system tumors to immunotherapy compared with NSCLC and melanoma. At present, MSI is mainly used to predict the effectiveness of immunotherapy for digestive system cancers; however, owing to the low overall incidence of MSI-H in the digestive system, it has limited clinical application. There is a need to explore novel biomarkers in the context of digestive system cancers.

The conflicting conclusions pertaining to the predictive efficacy of biomarkers in previous studies may be due to the differences with respect to tumor types, treatment methods, and detection standards used. A single biomarker is unlikely to accurately predict the effect of ICI treatment, and is liable to be affected by dynamic changes in the immunogenicity of the tumor and TME. Therefore, in the future, artificial intelligence and big data research can be used to build multidimensional and multi-variable predictive models. Through large-sample analysis, multi-platform dynamic detection before and after treatment can be conducted, so as to obtain comprehensive predictive markers with the best predictive performance to guide clinical treatment. Timothy Chan team performed a comprehensive analysis of multiple biological factors (TMB, copy number change score, HLA-1 evolutionary difference, HLA-1 loss of heterozygosity, MSI, BMI, gender, NLR, tumor stage, immunotherapy drugs, age, tumor type, chemotherapy before immunotherapy, and blood indicators such as albumin, platelets and hemoglobin) (100) . The machine learning model (named RF16) was shown to predict the efficacy of ICI therapy with a high sensitivity and specificity, spanning 1479 patients with 16 cancer types (including CRC). The analysis demonstrated that TMB has the greatest influence on the immunotherapy efficacy, followed by the history of chemotherapy. However, the impact of MSI does not seem to be large, and researchers believe that this is most likely due to the very strong correlation between MSI and TMB. The prediction consistency index of RF16 was higher than that of TMB, and the response to immunotherapy predicted by RF16 was also significantly associated with longer OS.

Previous research has focused on sensitive markers to identify subsets of patients who are more likely to benefit from immunotherapy. In recent years, increasing attention has been paid to immunotherapy resistance genes and super-progressive genes. Exploration of new biomarkers should take into account both the sensitive and super-progressive directions. Further in-depth research on predictive biomarkers of immunotherapy will help leverage the full potential of ICI therapy in the realm of personalized medicine for cancer. Targeting different individuals, cancer types, and immune status, as well as TME-related data, such as molecular characteristics, microbial composition, T cell receptor library diversity, tumor-related gene mutations or drug resistance mutations, may help improve the model’s predictive ability. Immunotherapy prediction models, especially for digestive system cancers, should be validated and improved using a larger and more representative patient population in the future. Improvement in the predictive models will help inform treatment strategies for digestive system cancers and open new vistas for individualized immunotherapy.
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Recent transcriptomics and metagenomics studies showed that tissue-infiltrating immune cells and bacteria interact with cancer cells to shape oncogenesis. This interaction and its effects remain to be elucidated. However, it is technically difficult to co-quantify immune cells and bacteria in their respective microenvironments. To address this challenge, we herein report the development of a complete a bioinformatics pipeline, which accurately estimates the number of infiltrating immune cells using a novel Particle Swarming Optimized Support Vector Regression (PSO-SVR) algorithm, and the number of infiltrating bacterial using foreign read remapping and the GRAMMy algorithm. It also performs systematic differential abundance analyses between tumor-normal pairs. We applied the pipeline to a collection of paired liver cancer tumor and normal samples, and we identified bacteria and immune cell species that were significantly different between tissues in terms of health status. Our analysis showed that this dual model of microbial and immune cell abundance had a better differentiation (84%) between healthy and diseased tissue. Caldatribacterium sp., Acidaminococcaceae sp., Planctopirus sp., Desulfobulbaceae sp.,Nocardia farcinica as well as regulatory T cells (Tregs), resting mast cells, monocytes, M2 macrophases, neutrophils were identified as significantly different (Mann Whitney Test, FDR< 0.05). Our open-source software is freely available from GitHub at https://github.com/gutmicrobes/PSO-SVR.git.
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Introduction

Contrary to the intuition of most people, bacteria are present in almost every part of the human body, with over 1,000 species in the gut alone. Our commensal bacteria maintain a dynamic balance with each other, and their imbalance can lead to a variety of diseases in the human body, including many cancers (1). Indeed, approximately 20% of all lethal cancers in humans are induced by or associated with microorganisms (2). As a component of the tumor microenvironment (TME), bacteria can actively promote tumor development, as well as autoimmunity, contributing to mortality (3, 4).

Liver cancer is a malignant tumor and approximately 780,000 people were diagnosed with liver cancer worldwide yearly (5). Previous studies analyzed microbes inferred from the whole-genome sequencing data of liver cancer biopsies. They revealed a strong association between the occurrence of liver cancer and certain bacterial flora. For examples: Moffatt et al. found that the bacterium Porphyromonas gingivalis promotes hepatocellular carcinoma by affecting host cell signaling and thus cytokine response, cell cycle, and apoptosis (6); Garner et al. found that methoxysterigmatocystin, O-methylsterigmatocystin, and other metabolites induced DNA repair-deficient bacterial lesions and thus initiates hepatocellular carcinogenesis (7); Mangul et al. found that Escherichia coli, Streptococcus faecalis, and Clostridium parvum could act together to significantly promote liver tumorigenesis. However, such activity could be inhibited by the addition of intestinal bacteria (e.g., Bifidobacterium longum and Lactobacillus acidophilus) and rectal fungi (8).

However, these studies were mostly focused on the effects of intestinal bacteria upon hepatocellular carcinoma (HCC) while few have examined the bacteria present within hepatocellular carcinoma tissues. Tumor-infiltrating bacteria could be analyzed using sequencing reads of non-human source, however, these unmapped foreign reads are often overlooked. In fact, it is possible to accurately estimate microbial abundance in tissue biopsies using foreign reads remapping (9). In this study, we applied our previously developed GRAMMy (10) tool to identify the bacteria that are associated with liver cancer by adding a series of analyses on unmapped foreign reads filtered from RNA-seq data so as to estimate the relative abundance of infiltrating bacteria present within the tissue.

Studies have also shown that the infiltration of various immune cell populations, including monocytes/macrophages, natural killer cells (NK), NKT cells and T cells, is the main pathogenic feature for oncogenesis or other lesions in liver (11). Rohr-Udilova et al. observed considerable differences in the composition of immune cells between HCC and healthy liver. Pushpa Hegde et al. found a decrease in circulating mucosal-associated invariant T cells in patients with alcoholic or nonalcoholic fatty liver disease-related cirrhosis (12). Functional immune level changes were detected in a group of healthy people and liver transplant recipients (13). Microbial infection is very likely to occur in the clinical treatment of liver diseases, especially in the treatment of liver transplantation; bacterial infection being the most common (incidence of 31.45%) (14). Monitoring the immune status of transplant recipients is essential to predict the risk of infection.

Thus, researchers have just begun to understand the regulatory role of bacteria in the development of cancer, as well as oncogenesis at the interface of bacteria/immune cell interaction. Immune cells alone are a key component of the TME and play a critical role in cancer development and immunization. Therefore, in order to understand the dynamics of the TME, it is equally important to understand the presumed synergistic dynamics between bacteria and tissue-infiltrating immune cells. Computational deconvolution methods have become a convenient choice to assess tissue-infiltrating immune cells by formulating the problem as a system of equations used to describe the gene expression of a sample as a weighted sum of the expression profiles of mixed cell types. That is, once given the immune cell-type characteristic matrix and overall gene expression, by solving the deconvolution problem, immune cell types and levels can be reasonably co-quantified with bacteria using mRNA-seq data without resorting to additional experiments.

The deconvolution problem could be solved in several ways, such as by Support Vector Regression (SVR) (e.g., CIBERSORT) (15), linear least squares regression (e.g., TIMER) (16) and constrained least squares regression (e.g., EPIC and MCP-counter) (17, 18). CIBERSORT uses v-SVR linear regression to solve the linear equation model based on microarray data (RNA-seq data can also be used). The coefficient of the regression model represents the relative proportion of 22 immune cell types. TIMER calculates the abundance of six immune cells including CD4 T cells, CD8 T cells and B cells based on the constrained least square method, which better solved the multicollinearity problem caused by high-dimensional features. EPIC uses least square regression to infer the mRNA number of six immune cells and other cell types, and then converts the mRNA number into the relative proportion of related immune cells. Finally, through the verification of tumor active genes and clinical data of many patients, it is found that epic results are clinically applicable. Finally, the murine Microenvironment Cell Population counter (MCP-counter) was based on highly specific transcriptomic markers, allows a robust quantification of the count number of eight immune cell types and two stromal cell populations in heterogeneous tissues based on transcriptomic data, which represent the cell content.

At present, the main method of optimizing the SVR deconvolution problem uses an heuristic algorithm. Particle swarm optimization (PSO) is simple and easy to operate algorithm, and the optimization search process of PSO take into account the local search ability and global search ability, which can greatly improve the accuracy of SVR solution. At present, PSO- SVR algorithm has been applied in many fields. For example, Mingcong Deng et al. applied PSO- SVR algorithm to robotics in 2014 to predict the ball receiving time of a robot player (19). In 2017, the same team used PSO to optimize the parameters of the generalized Gaussian kernel model and confirmed that the algorithm also shows good performance in a pneumatic bending rubber actuator control system (20). However, few teams have applied PSO- SVR to the field of tumor immune cell infiltration. This study aims to further study the universality of this algorithm and its advantages or limitations compared with other algorithms in this field through the results of liver cancer samples under this algorithm.

Mohammadi et al. evaluated several methods for solving the deconvolution problem and found that combining the loss function with regularization can improve the solution performance in the presence of highly correlated cell types in the mixture (21). However, the effect of the size of the regularization parameters on the effect of immune cell counting is unknown and the SVR model accuracy is affected by the initial parameters, such as the kernel function coefficients and penalty factors. To increase the robustness of the algorithm and reduce the influence of the initial self-defined parameters on the proportional counting results of immune cells, we introduced the particle swarm optimized support vector regression (PSO-SVR) algorithm, which uses PSO -a powerful parameter iterative optimization solution algorithm to improve the accuracy of the SVR solution. The algorithm was also used to compare with CIBERSORTX (22), EPIC, and MCP-counter on three real data sets, which confirmed its better accuracy.

Finally, we used the PSO-SVR algorithm and foreign read remapping to analyze a collection of paired liver cancer tumor and normal samples, identified bacteria and immune cell species that are significantly different between samples, and evaluated their joint effects by predicting the tumoral or normal pathological status of their originating tissue. The joint model identified B cells, T cells and Caldatribacterium sp., Magnetobacteriaceae sp. as pathological markers and together they were powerfully predictive for the pathologic status. Based on results from the three cases, classification accuracy when using only a single input feature is lower - only bacteria: 0.70, only immune cell feature: 0.74, and both features: 0.84. Such preliminary results are useful in resolving standing low response issue of immune checkpoint inhibitor-based immunotherapy (23, 24), in that microbial markers are potentially actionable targets (25, 26). As the joint immunomodulatory effects of the microbiome and immune cells are further elucidated for other cancer types, we could expect to find more novel biomarkers that could be intervened upon to improve normal tissue’s immune response against tumor.



Materials and Methods


The Liver Cancer mRNA Sequence Data Set

The mRNA-seq raw sequence data in BAM format of liver cancer patients’ normal and tumor tissue biopsies for this study were downloaded from the Seven Bridges Cancer Genomics Cloud (CGC https://www.cancergenomicscloud.org/). The data set included 98 samples (49 pairs of RNA-Seq sequencing samples of primary liver cancer tumor tissue and adjacent normal tissue). The read sequences that did not map to the reference genome GRCH38 were extracted from the BAM files. These foreign reads were then mapped to the RefSeq (NCBI Reference Sequence Database) (https://www.ncbi.nlm.nih.gov/refseq/) - a large collection of bacterial genomes. The mapping results were then input to the GRAMMy pipeline for the relative abundance estimation of infiltrating bacteria. The obtained expression and microbial profiles were used for downstream analysis. The data processing flow is shown in Figure 1.




Figure 1 | Flow chart of RNA-Seq sequencing data processing.



We first filtered the reads that were not matched to the human genome reference GRCH38 from the RNA-Seq samples in BAM format with SAMtools, which included reads that were not mapped at both ends and reads that were not mapped at one end (mapped at one end but not at the other). Apply Fastp to remove low-quality reads and partial reads, and excise poor quality bases. Use the BWA tool to remap the unmapped reads to a comprehensive microbial reference library RefSeq, containing the full genome sequence of 23,790 bacteria and archaea. We then applied GRAMMy algorithm to estimate the bacteria relative abundance.

The mRNA analysis pipeline begins with the Alignment Workflow, which is performed using a two-pass method with STAR. STAR aligns each read group separately and then merges the resulting alignments into one. Following alignment, BAM files are processed through the RNA Expression Workflow to determine RNA expression levels. The reads mapped to each gene are enumerated using HT-Seq-Count. Expression values are provided in a tab-delimited format.



Validation Data Sets for ImmuneCell Infiltration

Three real data sets were used to validate the PSO-SVR algorithm as compared to the CIBERSORTX, EPIC, and MCP-counter algorithms. The first validation data set from the CIBERSORT article  consists of the gene expression profiles of 20 peripheral blood mono nuclear cells (PBMC) samples and the ratio of immune cells determined through flow cytometry for the same samples. The second data set comes from the National Center for Biotechnology Information Search database (NCBI database) under the GEO Datasets GSE64385. It consists of the gene expression profile of 10 colorectal cancer (CRC) samples and the composition of immune cells as determined by immunohistochemistry of the same samples. The third data set from CIBERSORTX consists of the gene expression profiles of 19 melanoma samples and the composition of immune cells obtained through single-cell sequencing technique of the same samples. The full description of these data sets is shown in Supplementary Table 1.



Extracting Unmapped Reads

We first filtered the reads that did not matched to the human genome reference GRCH38 from the RNA-Seq samples in BAM format using SAMtools (27). The filtered reads included those that were not mapped at both ends and those that were not mapped at one end (mapped at one end but not the other). The process was as follows:

Extracting unmapped single reads: we used the command “samtools view -u -f 4 -F 264” to extract single-end unmapped reads in the format of FASTQ (28).

Extracting unmapped paired-end reads: we used the command “samtools view -u -f 12 -F 256” to extract paired-end unmapped reads with the format FASTQ.



Sequencing Quality Control

Sequencing quality issues like low-confidence bases and sequence-specific bias complicate mRNA-seq analyses (29). We applied comprehensive quality control (QC) before analyses (30). We applied Fastp (31) to remove low-quality reads and partial reads, and to excise poor quality bases.

For the extracted unmapped paired-end reads, we used the command “fastp -q 0 -u 100 -n 10 -l 36 -A -G -M 0 -i” to delete sequences with base quality lower than 40% of Q15, sequences with N greater than 5, sequences with length less than 36, and broke up sequences, respectively. For the extracted unmapped single reads, we used the command “fastp -q 0 -u 100 -n 10 -l 36 -A -G -M 0 -i” to perform the same QC process on single-ended sequenced sequences. To merge the extracted single-end and paired-end unmapped reads, we used the SMS2 (32) software to add a reverse complementary sequence to the unmapped single reads. We then converted the resulting FASTQ formatted reads into the FASTA (33) format through SeqKit (34).

We then used the BWA tool (35) to remap the unmapped reads to a comprehensive microbial reference library RefSeq, containing the full genome sequence of 23,790 bacteria and archaea. We then applied the GRAMMy algorithm to estimate the relative abundance of bacteria to mitigate the problem of ambiguous mapping of short reads to relative reference sequences.



Statistical Analysis

The Mann Whitney U test, also known as “Mann Whitney rank sum test”, was proposed by H.B.mann and D.Rwhitney in 1947. It assumes that any two samples are from two populations that are exactly the same except the population mean, in order to test for significant difference between the mean of the two populations.

Assuming that the mean values of two populations exist, they are recorded as μ1,μ2 respectively. With only one translation difference between f1 and f2 at most, we get: μ1 = μ2 – α. The assumptions to be tested are as follows:

	

The steps of Mann Whitney U test are:

	Randomly select two independent random samples with capacity of NA and NB from two populations A and B, arrange (NA + NB) observations in order of size. If the same observations exist, the average of their bit order is used.

	Calculate the grade and TA and TB of two samples.

	The formula of Mann Whitney U test can be given according to TA and TB. The two calculated U values are not equal, but their sum is always equal to NANB, that is, UA + UB = NANB. If NA < 20 and NB < 20, the test statistics are:



	

	

In the test, because the critical value table of Mann Whitney U test only gives a smaller critical value, the smaller U value in UA and UB is used as the test statistic.

4. Select the smaller U value to compare with the critical value of U. if U > Uα(α = 0.05, accept the original assumption H0. If U < Uα(α = 0.05, Then reject H0 and accept H1. The acceptance domain is the same as Wilcoxon test. U test can also be divided into small samples and large samples. In case of small samples, the critical values of U have been compiled into a table. In large samples, the distribution of U tends to be normal, so it can be treated by normal approximation.

The loss function is an index to measure the performance of the prediction model in predicting the expected results. The commonly used loss functions are mean squared error (MSE) and root mean squared error (RMSE). Since MSE squares the error (y – y^predicted = e), if e > 1, the value of the error will increase a lot. If there is an outlier in our data, the value of e will be very high and will be much greater than │e│. This will make the model with MSE loss give a higher weight to outliers. In order to minimize this outlier data point, we use the RMSE value, namely root mean square error, but at the expense of the prediction effect of other normal data points, which will eventually reduce the overall performance of the model.

	

Correlation analysis refers to the analysis of two or more variable elements with correlation, so as to measure the correlation degree of two variable factors Correlation analysis can be carried out only when there is a certain connection or probability between the elements of correlation.

(1) Pearson correlation coefficient

Given two continuous variables x and y, the Pearson correlation coefficient is defined as:

	

Where  and  are the mean values of the variables x and y respectively.

ρ close to 0 indicates that there is no correlation between the two variables; whereas close 1 or - 1 indicates that the two variables are strongly correlated.

(2) Spearman correlation coefficient

Spearman correlation coefficient is defined as Pearson correlation coefficient ρ between hierarchical variables. For samples with a sample size of N, N original data are converted into hierarchical data. Compared with Pearson correlation coefficient, Spearman correlation coefficient is insensitive to data errors and extreme values, which is defined as.

	

Where R and S are the grades of observed values i respectively,  and  are the average grades of variables x and y respectively, and N is the total number of observed values.

Logistic regression, also known as log probability regression, is a machine learning method used to solve the binary classification problem, which is used to estimate the possibility of something. It does not need to scale the input features, and the interpretability of the model is very good. The influence of different features on the final result can be seen from the weight of features. We fit the following regularization model to binary features as:

	

Where β is the regression coefficient. Parameter α is the balanced lasso (L1) and ridge (L2) regularization, and λ determines their weights.

Therefore, we use the logistic regression classifier to classify 98 samples. Their corresponding bacterial relative abundance data and immune cell proportion data were used as input characteristics, and the sample status (normal/tumor) was used as the prediction variable 0 or 1. 75% of the data were used for training and 25% for testing. The association between hepatocarcinogenesis and tumor bacteria and invasive immune cells was analyzed through the classification results under different input characteristics.




Results and Discussion


The Particle Swarm Optimized - Support Vector Regression Algorithm

Support Vector Regression (SVR) is a commonly used technique for non-linear unsupervised learning. The generalization ability and prediction accuracy of SVR depend on the choice of kernel function coefficients and penalty factors. Due to the large feature size, small sample size and unknown sample distribution, in order to avoid over fitting as much as possible, we used a simple and effective linear kernel function in order to avoid overfitting as much as possible. We introduced the particle swarm optimization (PSO) technique, which uses a powerful algorithm to invoke an iterative approach to solve parameter optimization. It can improve the accuracy of SVR results, and increase the robustness of the results through multiple iterations. The overall flowchart is shown in Figure 2.




Figure 2 | The flow chart of PSO-SVR algorithm. SVR model was embedded into the PSO algorithm to calculate the optimal parameters; then SVR model with optimized parameters was applied to the immune cell ratios.



We briefly introduce the SVR model for immune cell infiltration estimation. Based on a large amount of tissue gene expression profile data combined with a priori knowledge of purified leukocyte subpopulation expression profile data (i.e., a “signature matrix” representing the expression profile data of each gene in different immune cells), the proportion of immune cells in tumor biopsies can be accurately estimated. The idea was first used in CIBERSORT. The gene expression profile data were first transformed into a linear combination of marker genes for immune cells to solve for f (representing the proportion of immune cells) in a linear combination equation. The linear combination equation was expressed as:

	

Where Xn×L denotes the expression profile data of n genes from L samples for deconvolution. fm×L is the proportion of immune cells to be sought, specifically indicating the proportion of each immune cell in L samples among the m immune cell types. Sn×m is the signature matrix, indicating the expression profile data of n genes in each immune cell for m immune cells. The SVR algorithm solves the linear combinatorial equation using a deconvolution scheme.

The accuracy of the immune cell ratio calculated through the above SVR model is influenced by the model parameters such as the penalty factor C, sensitivity ϵ, and kernel function coefficient ϕ. These parameters are crucial to an SVR model’s accuracy and generalizability. However, in practice, these parameters are largely manually chosen without justification. Here we propose to optimize (ϵ, C, ϕ) parameters through iterations using the particle swarm algorithm. In each iteration, the swarming particles update their velocity and position vectors by tracking two “optimal values” (pibest, gbest), where pibest denotes the individual optimal value of the particle and gbest is the global optimal value. In the computation, the expression data of each gene (i.e., each row vector in the Xn×L matrix) was treated as a particle in the swarming iteration.

	

	

Where vi and xi represent the velocity vector and position vector of the ith particle respectively, each gene is regarded as a particle respectively, and n represents the size of the population, specifically the number of genes; q is a non-negative inertia factor. The larger the value of q is, the stronger the global optimization ability is and the weaker the local optimization ability is; c1 and c2 are learning factors, general c1 = c1 = 2; r1 and r1 both represent random coefficients belonging to [0,1]; pibest  represents the individual optimal value of the ith particle, and gbest  is the global optimal value. We provide more detailed parameter explanation and algorithm flow in the Supplementary Materials. Table 1 provides an explanation of key parameters.


Table 1 | PSO-SVR model parameter.



We apply this iterative optimization process of particle swarm to solve the SVR model, so that its optimal input parameters are optimized according to the swarm fitness metric. Upon initialization, we specify the approximate ranges of the parameters ϵ, C, and ϕ as: ϵ = (0, 0.2), C = (1, 100), ϕ = (0.01, 2.0), and qmax and qmin values are 0.9 and 0.4 for the model. Upon convergence, we find the optimal parameter solution (ϵ, C, ϕ). SVR models using optimal parameters are validated using benchmark data sets. We apply model with these parameters to the expression data of liver cancer patients’ tissues to solve for immune cell infiltration ratios.

The major innovation of PSO-SVR over previous SVR deconvolution methods is that it applies the machine learning technique – particle swarm algorithm, to do SVR iterative optimization. In the process, the swarming algorithm searches for SVR hyperplane formed by support vectors that capture as many data points as possible while satisfying the given constraints and avoiding overfitting, using a linear “ω-insensitive” loss function. The function penalizes only those data points outside a specific error radius. The support vectors were selected from the signature matrix of genes, and the standard reference expression profile (signature matrix) was selected from a composition of 22 immune cells including CD4 T, and CD8 T immune cells in CIBERSORTX, but other signature gene sets can be applied as well.



Benchmark of the PSO-SVR Algorithm

We gathered three data sets (see Supplementary Table 1), in which the immune cell proportions were determined through orthogonal flow cytometry (PBMC-FC), immunohistochemistry (CRC-IC), and single-cell RNA sequencing technologies (Melanoma-scRNA). Flow cytometry was an established technology to identify and determine different cell types in heterogeneous cell populations (36). immunohistochemistry is also well-established, using chemical reaction to label antibodies and to identify and quantify antigens within tissue cells. The genetic heterogeneity of cells of the same tissue can be also analyzed by scRNA-Seq at the level of individual cells to cluster and compute the composition immune cells (37). In order to verify the accuracy of PSO-SVR algorithm, we used data sets based on these technologies as the orthogonal control, and studied the deviation between PSO-SVR results and the control.

As shown in Figure 3A, for the PBMC-FC data, that the PSO-SVR estimated B cell, CD4 T cells, CD8 T cells and Monocytes levels were very close to the flow cytometry results. Overall, the four types of immune cells present a good correlation. The CD8 T cells showed relatively less consistency as compared to the other two types, maybe because CD8 T cells accounted for a relatively small number of T lymphocytes in PBMC (5%–20%) thus is subject to less accurate estimation. As shown in Figure 3B, the PSO-SVR estimates of B cells, monocytes, NK cells, and T cells were also in good concordance with the immunohistochemistry results. As shown in Figure 3C, PSO-SVR estimated immune cell fractions, such as CD4 T and CD8 T cells, also showed a good correlation with the scRNA-seq levels.




Figure 3 | Comparison between PSO-SVR and orthogonal technologies. Scatter plots of immune cell fractions with regression of (A) PBMC-FC; (B) CRC-IC; and (C) Melanoma-scRNA data; r for Pearson’s correlation, rs for Spearman’s correlation.



To further evaluate the PSO-SVR estimates using the PBMC-FC, CRC-IC and Melanoma-scRNA data sets, we used three metrics, namely root mean square error (RMSE), Pearson correlation coefficient, and Spearman’s correlation coefficient. The individual indicators are shown in Table 2.


Table 2 | Immune cell error table of three data sets.



We observe in Table 2 that the error was generally larger for B cells and that both Pearson and Spearman’s correlation coefficients were relatively low. For CD4 T and CD8 T cells, the difference between the results presented in the PBMC-FC and Melanoma-scRNA is very small, and the RMSE and correlation coefficients for both are close, proving the reliability of the algorithm in this study.

Finally, the results calculated through PSO-SVR were compared with other algorithms such as CIBERSORTX, EPIC, MCP-counter, for calculating the proportion of immune cells in infiltrating tumors. From the results of PBMC-FC and Melanoma-scRNA (refer to Supplementary Tables 2 and 5), it can be observed that PSO-SVR outperforms CIBERSORTX, EPIC, MCP-counter, in terms of the three indicators, RMSE, Pearson, and Spearman correlation coefficients. However, the results of CRC-IC (refer to Supplementary Table 3) are not as good as the other three methods, which could be attributed to the small amount of CRC-IC data. Overall, our algorithm was highly accurate.



Joint Microbial- and Immune-Effect Analysis of Hepatocellular Carcinoma Samples


Differential Presence of Infiltrating Immune Cells Between Tumor and Normal Tissues

We analyzed the differences in the relative proportions of immune cells in tumor samples and normal solid tissue samples. The non-parametric Mann-Whitney-Wilcoxon test was conducted in R software and then corrected for p-values with the Benjamini-Hochberg correction (FDR). Immune cells with significant differences were identified as shown in Supplementary Table 5 (FDR < 0.05).

As it can be seen in Figure 4 and Supplementary Table 6, the relative proportions of regulatory T cells [confidence level=95%, FDR= 1.58E-07] and 59.87% significantly higher in tumor tissues, and the relative proportions of Monocytes and Neutrophils are 150.07% and 363.69% significantly lower [FDR= 6.77E-07, 1.37E-05], as compared to normal solid tissue samples. These results suggested that regulatory T cells, Monocytes and Neutrophils were attracted toward tumor tissues who may act as host defense against invasive tumor growth. These findings were consistent with external knowledge and evidence.




Figure 4 | Differetial analysis of immune cell infiltration in normal and tumor tissues. “**” indicates FDR < 0.01; “***” indicates FDR < 0.001.



As known, neutrophils provide the first line of defense for the innate immune system by phagocytosing, killing, and digesting bacteria and fungi (38). CD8 T cells are an important component of the immune system, and inducing an effective memory T cell response is a major target for vaccines against chronic infections and tumors (39). Studies have shown that the presence of Tregs in tumors of patients with hepatocellular carcinoma are suppressor cells and their increased levels are associated with immunosuppression and evasion in patients with cancer, where the inappropriate immune responses can be prevented by suppressing immune effector cells. In addition, the frequency of Tregs in lymphoid tissue, peripheral blood, and in the TME is greater than that in normal tissue (40).



Differential Presence of Infiltrating Bacteria Between Tumor and Normal Tissues

In Table 3 and Figure 5A, we showed the most significant differentially present bacteria between tumor and normal tissues. These include Caldatribacterium sp. [↑74.94%, FDR=3.15×10-11], Acidaminococcaceae sp. [↑73.58%, FDR=1.79×10-9], among others. We used the nonparametric Mann-Whitney U test. The p-values were corrected for multiple testing through FDR.


Table 3 | Bacteria with significant variability between normal and primary tumor tissues.






Figure 5 | Difference and diversity of bacteria in liver cancer samples. (A) Differentiation of bacteria between liver tumor tissue and normal tissue. “**” indicates FDR < 0.05; “***” indicates FDR < 0.001. (B) Analysis of alpha diversity of bacteria in tumor and normal tissues. The green color on the left indicates normal samples, the red part on the right indicates tumor samples, and the middle BASE part indicates the interquartile range.



Noticeably, Caldatribacterium sp., Acidaminococcaceae sp. (amino acid cocci), and Planctopirus sp. are significantly more abundant in infiltrating tumor tissues as compared to normal tissues and are likely associated with the pathological development of hepatocellular carcinoma.

These results were substantiated by external molecular biology and clinical evidence from previous studies. For examples it was found that the increase in Caldatribacterium sp. leads to DNA damage in hepatic stellate cells, which then promotes the development of hepatocellular carcinoma through metabolites or toxins from intestinal bacteria (41). Studies also showed the presence of Planctopirus sp. bacterial infection in serum and tissues derived from patients with chronic liver disease – a common presage of hepatocellular carcinoma; the enrichment of Planctopirus sp. bacteria in the serum of patients with chronic liver disease is significantly higher than that of healthy individuals, suggesting that it may be associated with the development of chronic hepatitis B and primary liver cancer (42). The other bacteria identified in our study were also supported in the literature, where multiple species including Gemmiger formicilis, Marithrix sp., and Haemophilus sp. were found to be over-represented in in gut microbiome in patients with HCC (43).

We also found that the microbial diversity (Shannon Index) in the primary tumor tissue is significantly higher than that in normal tissue samples (see Figure 5B). This is somewhat contrary to the discoveries of higher gut microbiome diversity associated with healthy controls as known in many other related cancers (44).




Joint Effects of Infiltrating Immune Cells and Bacteria On Hepatocellular Carcinoma

In order to further analyze the impact of tumor infiltrating immune cells and bacteria on the occurrence and development of liver cancer, we used the downloaded gene expression data and transcriptome data of 98 liver cancer samples, and calculated the corresponding bacterial abundance data by using the estimation method of microbial relative abundance in this paper. The PSO-SVR algorithm described in Section 3.1 was used to calculate the relative proportion of immune cells in liver cancer samples.

Then the logistic regression classification method was applied to three cases: case 1, only bacterial abundance data were used as the input feature; In case 2, only the immune cell proportion data were used as the input feature; and in case 3, both bacterial abundance and immune cell ratio were used as input characteristics. From the classification results of the three cases (see Table 4), the classification accuracy of using only a single input feature is lower - only bacteria: 0.70, only immune cell feature: 0.74, and both features: 0.84. No matter which data feature is added, the classification accuracy can be improved. After adding the immune cell proportion data, the classification accuracy is improved by 20% compared with case 1; After adding bacterial abundance data, the accuracy of classifier is improved by 13.51% compared with case 2. This shows that the bacteria and infiltrating immune cells in liver cancer tissue contain key characteristics for cancer diagnosis, which can be used as a reference index for clinical cancer diagnosis.


Table 4 | Classification effect of liver cancer samples under different input features.






Conclusions

We performed a joint analysis of microbial and immune cell abundance in liver cancer tissue using a gene expression profile deconvolution algorithm combined with foreign read remapping. First, we filtered out reads from the RNA-Seq data that did not map to the human reference genome. Second, we assembled the single-ended unmapped reads with a reverse complementary sequence to the double-ended unmapped reads, and the processed reads were then mapped to the microbial reference library. Finally, the GRAMMy algorithm was introduced to calculate the relative abundance of microorganisms. This algorithm overcomes the problem of mapping one read to different microbial reference sequences owing to small reads and enables a more accurate calculation of relative abundance.

This complete procedure was then applied to RNA-seq samples of 98 patients with hepatocellular carcinoma, and we found that microorganisms including Caldatribacterium sp. and Planctopirus sp. differed significantly between normal and tumor tissues, which was also reported in the literature.

To study the degree of immune cell response to microorganisms and the effect on liver cancer in the human microenvironment, we introduced SVR and particle swarm algorithm to estimate the relative proportion of infiltrating immune cells based on the deconvolution model. The results of our study were validated by actual data and then compared with some immune cell counting algorithms, such as CIBESORTX, EPIC, and MCP-counter, and were found to be relatively more reliable.

The PSO-SVR algorithm was applied to the gene expression profile data of liver cancer samples. The differential analysis revealed significant differences in regulatory T cells, monocytes, and neutrophils between normal and tumor tissues. Finally, using the classification regression algorithm within machine learning, we found that adding microbial characteristics can improve the accuracy of liver cancer prediction.

This study has some limitations that result from the limited sample size. For example, a small number of samples affects statistical power, which we anticipate correcting in further studies. Also,  liver cancer has different cancer subtypes, which are not subdivided in this study; The model does not take gene variation into account; otherwise, there can be new information to improve the accuracy.
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Background

The clinical significance of liver stiffness (LS) measured by shear wave elastography (SWE) in programmed cell death protein-1 (PD-1) inhibitors treated advanced hepatocellular carcinoma (HCC) patients remains unknown. This study aimed to explore the prognostic value of baseline LS by SWE prior to PD-1 inhibitor treatment in combination with lenvatinib.



Methods

We retrospectively evaluated patients (n=133) with HCC who received anti-PD-1 antibodies plus lenvatinib at two high-volume medical centres, between January 2020 and June 2021. Univariate and multivariate logistic regression analysis were used to develop a novel nomogram. RNA sequencing and immunohistochemical staining were used to assess the heterogeneity of biological and immune characteristics associated with tumor stiffness.



Results

The objective response rate (ORR) and disease control rate (DCR) of the whole population were 23.4% and 72.2%, respectively. A LS value of the baseline tumorous foci of 19.53 kPa had the maximum sum of sensitivity and specificity, making it the optimal cut-off value for predicting PD-1 inhibitor efficacy. The nomogram comprised baseline tumor LS and albumin-bilirubin grade (ALBI), which provided favorable calibration and discrimination in the training dataset with an AUC of 0.840 (95%CI: 0.750-0.931) and a C-index of 0.828. Further, it showed acceptable discrimination in the validation cohort, with an AUC of 0.827 (95%CI: 0.673-0.980) and C-index of 0.803. The differentially expressed genes enriched in high stiffness tumors were predominantly associated with metabolic pathways, while those enriched in low stiffness tumors were related to DNA damage repair. Furthermore, patients with high stiffness tumors had a relatively lower infiltration of immune cells and histone deacetylase pathway inhibitors were identified as candidate drugs to promote the efficacy of immunotherapy.



Conclusions

Baseline LS value of tumorous foci by SWE—that is, before administration of a PD-1 inhibitor in combination with lenvatinib—is a convenient predictor of PD-1 inhibitor efficacy in patients with advanced HCC, which has potential to be used for pretreatment stratification to optimize treatment of advanced HCC.
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Highlights

	- Question: Is hepatic tumor stiffness measured by shear wave elastography (SWE) useful in predicting HCC progression following treatment with Anti-PD-1 antibodies plus Lenvatinib?

	- Pertinent Findings: Baseline tumor LS by SWE, before anti-PD-1 in combination with lenvatinib, is a convenient predictor of tumor progression in patients with advanced HCC through a retrospective analysis of two independent cohorts.

	- Implications for Patient Care: Our data shed light on the application of tumor LS in predicting HCC progression, which might guide the development of rational strategies for use of anti-PD-1 in combination antiangiogenic agents, ultimately benefiting a broader range of patients.





Introduction

Despite the introduction of new targeted therapies for advanced hepatocellular carcinoma (HCC) over the last few decades, the prognosis of patients with advanced HCC remains poor as these treatment strategies are not wholly effective (1–3). In recent years, inhibitors of the programmed cell death-1 (PD-1)/programmed cell death ligand-1 (PD-L1) pathway have received much attention as HCC immunotherapies (4–6). However, previous studies showed that fewer than 20% of advanced HCC patients achieved an objective tumor response in anti-PD-1 monotherapy, indicating that combination regimens—e.g., anti-PD-1 with an antiangiogenic therapy—might be better options for systemic treatment (7–9). Indeed, the Imbrave150 study has demonstrated a new combination regimen (atezolizumab plus bevacizumab, also known as “T+A” strategy) to be superior to sorafenib (a kinase inhibitor), showing a 42% reduction in risk of death, resulting in the “T+A” strategy to be the recommended first-line treatment for patients with advanced HCC globally (10). In addition, the RESCUE trial showed that combined camrelizumab with apatinib was also promising, with an objective response rate (ORR) of 34.3% and a disease control rate (DCR) of 77.1% in advanced HCC patients when used as a first-line treatment (11). Nevertheless, in the above studies, only a fraction of patients benefited from anti-PD-1/PD-L1 antibodies in combination with an antiangiogenic therapy. Therefore, it’s urgently needed to identify factors that can predict a curative effect to define which patients with advanced HCC are most likely to benefit from therapy with anti-PD-1 antibodies in combination with antiangiogenic therapy.

More than 80% of HCC cases arise in the cirrhotic liver (12) and the degree of liver fibrosis has been reported to be a negative prognostic factor for sorafenib therapy (13). With recent advances in ultrasound technology, various elastography techniques have been found to be effective in staging liver fibrosis, among which shear wave elastography (SWE)—which uses the supersonic shear imaging technique—is capable of predicting overall survival in patients after radiofrequency ablation for HCC (14). In addition, previous studies reported that liver stiffness (LS) values measured by SWE achieved better sensitivity and specificity than those measured by transient elastography (TE), the aspartate aminotransferase (AST) to Platelet Ratio Index, or the Fibrosis 4 score in patients with chronic hepatitis B (15–17). However, the clinical implications of baseline LS values by SWE in patients with advanced HCC who are treated with anti-PD-1/PD-L1 or in those treated with anti-PD-1/PD-L1 in combination with an antiangiogenic regimen have not been explored.

Herein, we aimed to investigate the clinical significance of tumor-LS by SWE in anti-PD-1 antibodies in combination with lenvatinib treated HCC patients. We demonstrated that the tumor LS value, as measured by SWE before combination treatment with anti-PD-1 antibodies plus lenvatinib, was a convenient predictor of tumor progression in patients with advanced HCC. We further explored the heterogeneity of biological and immune characteristics associated with tumor stiffness in 9 HCC tissue samples across two groups having different tumor LS values (a high LS group and a low LS group), using RNA sequencing and immunohistochemical (IHC) staining. Our data shed light on the application of tumor LS for predicting HCC progression, which might guide the development of rational regimens using anti-PD-1 antibodies in combination with an antiangiogenic therapy, to ultimately benefit a greater range of patients.



Materials and Methods


Patients

This retrospective study included patients with HCC who underwent SWE before anti-PD-1 antibodies in combination with lenvatinib therapy, starting from June 1, 2020 to May 31, 2021 at Nanfang Hospital, Southern Medical University, and from January 1, 2020 to June 30, 2021 at the First Affiliated Hospital of Sun Yat-Sen University. All patients were aged ≥18 years with HCC diagnosed either by two imaging modalities or by biopsy according to the diagnostic criteria (18). This study was designed and performed according to the Declaration of Helsinki and was approved by the Medical Ethics Committee of Nanfang hospital and the First Affiliated Hospital of Sun Yat-Sen University. Written informed consent was obtained from each patient to retrospectively review and report on their medical records.

Patients with the following characteristics were excluded: (1) those who accepted locoregional therapy before treatment or during follow-up; (2) those with Child-Pugh C liver function; (3) those who were coinfected with hepatitis A, C, or D virus or HIV; (4) women who were pregnant or breastfeeding; (5) those whose Eastern Cooperative Oncology Group performance status was over 3; and (6) those who were lost to follow-up other than death within 3 months after treatment.

Ultimately, 93 patients with complete data were included in the training set. Furthermore, the validation cohort of 40 patients (7:3), who satisfied the inclusion and exclusion criteria, was selected by a random extraction of HCC patients treated at the First Affiliated Hospital of Sun Yat-Sen University. A flowchart showing patient selection is depicted in Figure 1.




Figure 1 | Patient recruitment flowchart.





LS Measurements Using SWE

LS values were measured in both tumorous foci and adjacent normal liver regions before the first dose of a PD-1 inhibitor using the ARFI imaging technology implemented on a Siemens Acuson S2000 ultrasound system (Siemens AG, Erlangen, Germany) at Nanfang hospital and on Aixplorer (SuperSonic Imagine, France) at the First Affiliated Hospital of Sun Yat-Sen University. Tumorous foci in the participants were previously identified as HCC by two imaging modalities or by biopsy, while the adjacent normal liver tissues were selected by the operator’s preference. The physician who performed SWE had 17 years of experience. The SWE protocol was performed according to the European Federation of Societies for Ultrasound in Medicine and Biology and World Congress for Ultrasound in Medicine and Biology guidelines (19, 20). Results expressed in m/s from the virtual tissue quantification were converted to the Young’s modulus and expressed in kiloPascals (kPa). LS measurements were considered reliable if they achieved an interquartile range interval/median ratio (IQR/M) of ≤0.3.



Treatment and Assessment

The dosage of anti-PD-1 therapy has been described in our previous studies (7, 21, 22); briefly, one of the following regimens was selected for each patient: toripalimab, 3 mg/kg body weight or 240 mg, once every 2 weeks by IV; camrelizumab, 200 mg, q2/3w, IV; or sintilimab, 200 mg, q3w, IV. The dosage of the antiangiogenic therapy lenvatinib was 8 mg once per day orally.

Demographic, clinical, and laboratory data were collected from all patients prior to initiating PD-1 inhibitor therapy. Data included the patient’s age, gender, α-fetoprotein, alanine aminotransferase, aspartate transaminase, prothrombin time, albumin level, platelet count, total bilirubin, Barcelona Clinic Liver Cancer (BCLC) stage, Eastern Cooperative Oncology Group (ECOG) performance, Child-Pugh score, tumor size, number, vascular invasion, and extrahepatic metastasis. The albumin-bilirubin (ALBI) score was calculated for each patient by the following formula: ALBI score = (log10 bilirubin × 0.66) + (albumin × −0.085), where bilirubin is in µmol/L and albumin in g/L.

Patients underwent computed tomography or magnetic resonance imaging at baseline, at 6-12 weeks after treatment initiation, and about every 3 months thereafter. Treatment-related Aes were recorded at every visit according to the US National Cancer Institute Common Terminology Criteria for Adverse Events (CTCAE v5.0). The modified response evaluation criteria in solid tumors (mRECIST) were used for tumor response evaluation (23) as follows: (1) complete response (CR), where the target lesions disappeared according to enhanced imaging in the arterial phase; (2) partial response (PR), where the diameter of the target lesions was reduced by ≥30% according to enhanced imaging in the arterial phase; (3) stable disease (SD), where the diameter of the target lesions was not reduced to threshold of PR, but it also did not increase past that in progressive disease (PD); (4) PD, which was marked by a total increase of ≥20% in the diameter of the target lesions according to enhanced imaging in the arterial phase compared with the baseline value, or if new lesions appeared.



Development and Validation of Combination Nomogram

Clinical characteristics were selected through univariate and multivariate logistic regression analysis and a nomogram was built based on the independent risk factors in the multivariate analysis. Details were also described in our previously report (22).



RNA Sequencing of Samples From Patients With HCC who Were Diagnosed in Nanfang Hospital

A total of 9 patients with HCC were recruited for RNA sequencing, of whom 5 had a high stiffness tumor (LS >19.53 kPa) and 4 had a low stiffness tumor (LS ≤19.53 kPa). All patients received a fine needle aspiration biopsy. The biopsy specimens were divided for both paraffin embedding and storing in RNAlater® (Qiagen). MGISEQ-2000 was used to generate transcriptome data.



Immunohistochemistry

IHC was performed in accordance with previous reports (24, 25). Briefly, the 5-μm HCC sections embedded in paraffin were deparaffinized and treated with hydrogen peroxide to quench endogenous peroxidase activity. The following primary antibodies were used: Rabbit monoclonal [SP7] anti-CD3 antibody (100 μl; Abcam), and Rabbit monoclonal [CAL66] anti-CD8 antibody (100 μl; Abcam). All histopathological analyses were performed by an experienced histopathologist (with 21 years of experience), who was blinded to all clinical data. The CD3 and CD8 cell infiltrations were accessed by calculating the proportion of positive stained cells as follow: no staining, 1+; weak staining, 2+; moderate staining, 3+; strong staining, 4+; and intense staining, 5+. Accordingly, the score of 1+ and 2+ was defined as low expression while the other scores were defined as high expression.



Public Transcriptome Data Collection and Preprocessing

We accessed public transcriptome data of HCC patients from the Gene Expression Omnibus and TCGA databases. For samples from the TCGA database, we downloaded level three “HTSeq-Counts” data from the UCSC Xena website (https://xenabrowser.net/). The “voom” algorithm was used to transform RNA sequencing data, as previously described (26). For the GSE109211 dataset, we downloaded the “Series Matrix File(s),” containing normalized transcriptome data.



Development of a tumor Stiffness–Related Gene Expression Signature

To establish a tumor stiffness–related gene expression signature, we firstly performed differential expression gene (DEG) analysis between high and low stiffness HCC samples using the “DESeq2” package. The significance criterion for DEGs was set as an absolute log2FC value >1.0 and an adjusted P value <0.05. The top 100 genes with the largest absolute log2FC values in the log2FC value >1 group and the top 50 genes with the largest absolute log2FC values in the log2FC value <−1 group were separately selected to develop a tumor stiffness–related gene expression signature. The tumor stiffness of each sample was predicted using the nearest template prediction (NTP, Gene Pattern) algorithm based on our developed tumor stiffness–related gene expression signature.



Biological Processes and Tumor Microenvironment Characteristics Analysis

A biological process analysis was performed using gene set variation analysis (GSVA) based on the gene set files of “c2.cp. kegg. v6.2. symbols.” The immune infiltration estimation was conducted using the “Microenvironment Cell Populations-counter (MCP-counter)” method by applying the “IOBR” R packages.



Connectivity Map Analysis

Cmap analysis was performed to identify effective candidate compounds following the instructions provided by the Cmap website (https://clue.io/).



Statistical Analysis

Statistical analyses were performed using SPSS 22.0 software (SPSS Inc., Chicago, IL) and R software (version 3.6.2, http://www.Rproject.org). Data were expressed as counts and percentages for categorical variables, such as those in baseline characteristics, radiological tumor response, and adverse events (AEs). Qualitative differences between subgroups were analyzed using χ² tests or Fisher’s exact test for categorical parameters. For analyzing the performance ability of quantitative LS to predict treatment outcome, the area under the receiver operator characteristic curve (AUROC) was calculated. AUROCs were compared by the Delong test by using the “pROC” package and the DCA curves were plotted by using the “RMDA” package. Sensitivity, specificity, positive likelihood ratio, and negative likelihood ratio of several cut-off values of LS levels were calculated to explore the best cut-off value in predicting treatment efficacy. Univariate and multivariate logistic regression analyses were performed to assess factors related to treatment outcomes. All statistical analyses were based on 2-tailed hypothesis tests with a significance level of P<0.05.




Results


Patient Characteristics

For the analysis, a total of 93 and 40 patients (7:3) were included in the training and validation sets, respectively. Table 1 shows the clinical characteristics of these patients at baseline. The proportion of patients with BCLC stage C disease was 77.4% (72/93) and 72.5% (29/40), and the proportion of patients with ALBI grade 1 were 55.9% (52/93) and 60.0% (24/40) in the training and validation sets, respectively. The LS values, as determined by SWE, of the tumorous foci and adjacent normal liver tissue in the training set were 17.70 ± 7.78 kPa and 13.96 ± 8.26 kPa, respectively, and the corresponding values in the validation set were 16.87 ± 6.68 kPa and 15.16 ± 8.44 kPa. Among the 133 patients, 96 (72.2%) achieved tumor control (CR + PR + SD), while 37 patients (27.8%) exhibited progressive disease (PD) (Table 2). The ORR was 23.4% and the DCR was 72.2% (Table 2).


Table 1 | Baseline patient characteristics in the training and validation sets.




Table 2 | Tumor responses.





Safety Analysis

All recorded treatment-related AEs are shown in Table 3. Forty-nine patients (49/133, 36.8%) experienced at least 1 AE during treatment with a PD-1 inhibitor in combination with lenvatinib. The 5 most frequent types of AEs were hepatitis (42/133, 31.6%), abdominal pain (36/133, 27.1%), thrombocytopenia (36/133, 27.1%), diarrhea (32/133, 24.1%), and hypothyroidism (31/133, 23.3%). A dose delay due to AEs was required in 10 patients. Steroids or immunosuppressive drugs were used to treat AEs in 14 patients, and no patients stop treatment due to AEs.


Table 3 | Treatment-related adverse events in the training and validation sets.





Correlation Between Baseline Variables and PD

To further evaluate baseline variables that might predict PD, a logistic regression analysis was conducted in the training set. A univariate regression analysis identified the following 2 factors as associated with PD: ALBI grade 1 (odds ratio [OR] 0.124, 95% CI 0.044-0.354, P<0.001) and LS value of tumorous foci by SWE (kPa) (OR 1.139, 95% CI 1.063-1.222, P<0.001). We then entered these significant factors into a multivariate analysis and found that along with an ALBI grade of 1 (OR 0.107, 95% CI 0.032-0.359, P<0.001), the baseline LS value of the tumor (OR 1.148, 95% CI 1.064-1.239, P<0.001) was an independent predictive factor for PD (Table 4).


Table 4 | Univariate and multivariate logistic regression analyses of baseline variables predicting PD in training set (n = 93).





Performance Ability of The Baseline LS Value in Predicting PD

To evaluate the correlation between PD and the baseline LS value, as determined by SWE prior to initiation of PD-1 inhibitor–based therapy, AUROCs were calculated (Figure 2). AUROCs of the LS values of the tumorous foci were higher than those of the adjacent normal liver tissue in both the training and validation sets (0.768 and 0.753, respectively). Table 5 shows the sensitivity and specificity for predicting PD from the LS value of the tumorous foci in the training set. The sum of sensitivity and specificity was highest when the cut-off value was 19.53 kPa. Therefore, 19.53 kPa was adopted as the optimal cut-off value for LS of the tumorous foci in the following analyses.




Figure 2 | Area under the receiver operating characteristics curves (AUROC) for predicting Progressive Diseases (PD) after therapy with anti–programmed cell death protein 1 (PD-1) plus lenvatinib using baseline liver stiffness (LS) values of tumorous foci. (A) The training set (n = 93) and (B) the validation set (n = 40).




Table 5 | Performance of baseline LS value in predicting PD in training set (n = 93).





Development and Validation of the Nomogram

A nomogram was established based on the results of multivariate logistic regression (Figure 3A). Variables of the nomogram included ALBI grade (grade 2) and baseline LS value of tumorous foci (>19.53kPa). Harrell’s C-index was 0.828 and 0.803 respectively (P>0.05) in the training and validation set. In the training set, the nomogram yielded an AUC of 0.840 (95%CI 0.750-0.931) with a sensitivity of 55.6% and a specificity of 93.9%. In the validation set, the nomogram exhibited an AUC of 0.827 (95%CI 0.673-0.980) with a sensitivity of 40.0% and a specificity of 96.7% (Figure 3B). Calibration curves (Figure 4) and Hosmer-Lemeshow test indicated good consistency between the nomogram-predicted probability of PD and the actual PD rate in both sets (P=0.548 and P=0.657). DCA demonstrated a higher net benefit of the nomogram than treated-all and treat-non strategy, indicating that treatment strategies based on our nomogram prediction have favorable clinical utility (Figure 5).




Figure 3 | Nomogram and Receiver operating characteristic (ROC) curves analysis. (A) Nomogram for predicting probability of Progressive Diseases (PD) after therapy with anti–programmed cell death protein 1 (PD-1) plus lenvatinib. (B) ROC curves for 2 models in the training (left) and validation (right) set. Model based on baseline liver stiffness (LS) values of tumorous foci >19.53 kPa were shown in blue. Nomogram contains both baseline LS of tumorous foci and ALBI grade were shown in red.






Figure 4 | Calibration curve of the nomogram in the training (A) and validation (B) set. X-axis represents the nomogram predicted probability of Progressive Diseases (PD). Y-axis represents the actual probability of PD, and the diagonal dashed line (represent ideal) indicates the ideal prediction by a perfect model. Results were plotted via bootstrapping with 1000 resamples. The closer the bias-corrected calibration curve (solid line) is to the diagonal line, the higher the prediction accuracy of the model.






Figure 5 | The decision curve analysis (DCA) for the nomogram in training (A) and validation (B) set. Nomogram contains both baseline LS of tumorous foci and ALBI grade were shown in red. Result showed that using the nomogram for PD prediction has more benefit than the treat-all-patients scheme (gray curve). A larger area under the decision curve suggested a better clinical utility.





Tumor Stiffness–Related Biological and Immune Characteristics in Patients With HCC of Nanfang Hospital Cohort

To explore the heterogeneity of biological and immune characteristics associated with tumor stiffness in HCC, we identified DEGs between tumors that were high stiffness (HS) versus low stiffness (LowS). A total of 483 tumor stiffness–related genes were found, 406 of which were upregulated in HS tumors, and the other 77 genes were more abundant in LowS tumors (Figures 6A, B). Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis showed that the DEGs were enriched for multiple metabolism events (Table S1), indicating that metabolic differences might be the fundamental mechanisms underlying matrix stiffness effects on the tumor’s biological behavior. To visually show the differences in pathway activation between the two groups, we performed GSVA enrichment against the KEGG gene set. As shown on the heatmap and volcano plot (Figures 6C, D), the HS tumor group presented enrichment pathways predominantly associated with metabolism pathways, including KEGG_SELENOAMINO_ACID_METABOLISM, and KEGG_TAURINE_AND_HYPOTAURINE_METABOLISM, while the LowS tumor group was significantly enriched in pathways related to DNA damage repair (abbreviations of the pathways on the heatmaps are shown in Table S2). As for the immune landscape, the results of MCP-counter analysis showed that the LowS group had a relatively higher amount of immune cell infiltration, especially of dendritic cells, total T cells, and CD8+ T cells, suggesting that LowS tumors present with a hot microenvironment (an immune cell-dense microenvironment) phenotype (Figure 6E). We further characterized immune cell infiltration with IHC and found results consistent with the MCP-counter analysis (Figure 6F). Finally, we employed the Cmap tool to identify candidate drugs that might improve the efficacy of immunotherapy in patients with HS tumors. As shown in Figures 7G, H, 15 candidate drugs with absolute connectivity scores of <−90 were identified. Among them, 5 were histone deacetylase (HDAC) inhibitors, indicating that strategies to deactivate the HDAC pathway might be useful to promote infiltration of cytotoxic T cells into the microenvironment of HS tumors.




Figure 6 | Biological functions and immune characteristics of tumors with high (n = 5) or low (n = 4) stiffness. (A, B) Heatmap (A) and volcano plot (B) comparing differences in gene expression between tumors with high and low stiffness. (C, D) Heatmap (C) and volcano plot (D) comparing differences in Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways between tumors with high and low stiffness. (E) Boxplots of cell infiltration levels calculated by the Microenvironment Cell Populations-counter among tumors with high and low stiffness. (F) Representative micrographs of CD3 and CD8 protein expression in tumor samples with high and low stiffness, as detected by immunohistochemistry (H1778 was a patient with low stiffness liver tumor, and H1754 was a patient with high stiffness liver tumor). (G) Bar plot showing the enrichment score of each candidate compound in the connectivity map analysis. Compounds are sorted from right to left as the highest to lowest enriched, as assessed using an enrichment analysis. (H) Heatmap showing the mechanisms of the action (rows) of each compound (columns) from the connectivity map analysis. A total of 15 candidate drugs with absolute connectivity scores of <−90 were identified. Among them, 5 were histone deacetylase (HDAC) inhibitors.






Figure 7 | Validation of the high stiffness signature in TCGA-LIHC and GSE109211 datasets. (A) Boxplots of cell infiltration, as calculated by the Microenvironment Cell Populations-counter (MCP-counter), among tumors with high and low stiffness from The Cancer Genome Atlas Liver Hepatocellular Carcinoma (TCGA-LIHC) cohort. (B, C) Heatmap (B) and volcano plot (C) comparing differences in the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways between tumors with high and low stiffness in the TCGA-LIHC cohort. (D–G) Boxplots of tumor purity (D), intratumoral heterogeneity (ITH) (E), neoantigen (F), and tumor mutation burden (G) in the 4 studied histone modification patterns of the TCGA-LIHC cohort. (H) Kaplan-Meier curves of overall survival in the TCGA-LIHC cohort according to tumor stiffness. (I) Violin plot of the estimated IC50 value of sorafenib and sunitinib calculated based on the Genomics of Drug Sensitivity in Cancer database among tumors with high or low stiffness in the TCGA-LIHC cohort. (J) Boxplots of cell infiltration levels calculated by the MCP-counter among tumors with high and low stiffness in the GSE109211 cohort. (K, L) Heatmap (K) and volcano plot (L) comparing differences in KEGG pathways between tumors with high and low stiffness in the GSE109211 cohort. (M) Bar charts summarizing the proportions of patients with different sorafenib responses across different tumor stiffness groups in the GSE109211 cohort. (N) Receiver operating characteristic curves of treatment response predictions of sorafenib according to the tumor stiffness signature in the GSE109211 cohort. NS means not-siginificant (without statistical difference); *** means p value < 0.001; **** means p value < 0.0001.





Validation of the Distinct Biological and Immune Characteristics Associated With Tumor Stiffness in The Cancer Genome Atlas Liver Hepatocellular Carcinoma and GSE109211 Cohorts

To further confirm the molecular changes underlying HCC tumors with different stiffness levels in patients from Nanfang hospital, we used the NTP algorithm to distinguish tumor tissues in the TCGA-LIHC cohort and the GSE109211 cohort according to the DEGs found between the HS and LowS groups. In the TCGA-LIHC cohort, 204 (54.5%) patients were assigned into the HS group. Similarly, in the GSE109211 cohort, 80 (57.6%) patients belonged to the HS group. Like the results from the Nanfang hospital analysis, the GSVA and immune analyses of the TCGA-LIHC and GSE109211 cohorts demonstrated that the tumors of the HS group also represented a metabolic activation phenotype and showed an absence of immune cell infiltration (Figures 7A–C, J–L). Moreover, we obtained data for intratumoral heterogeneity (ITH), tumor purity, tumor mutation burden (TMB), and number of neoantigens from the study of Thorsson et al. (27) and compared these values between HS and LowS groups. Patients in the HS group exhibited less ITH and a higher tumor purity (Figures 7D, E). However, there were no significant differences in TMB or in the number of neoantigens between HS and LowS groups (Figures 7F, G). Intriguingly, survival analysis of patients in the TCGA-LIHC cohort showed significant prognostic differences among the two different tumor stiffness groups, with the HS signature being associated with a better prognosis (Figure 7H). Finally, we analyzed the relationship between the tumor stiffness associated gene and pathway signature we developed and the efficacy of anti-vascular therapy. In the TCGA-LIHC cohort, we used the “pRRophetic” package to predict treatment response to both sorafenib and sunitinib. As shown in Figure 7I, the LowS group was more sensitive to sorafenib and sunitinib, although the estimated IC50 was significantly different between the HS and LowS groups only for sunitinib. In addition, by analyzing the GSE109211 cohort, we found that sorafenib-sensitive patients were mainly concentrated in the LowS group, and the tumor stiffness signature had the ability to predict response to sorafenib with an AUROC value of 0.801 (Figures 7M, N).




Discussion

In recent decades, immune checkpoint inhibitors—particularly antibodies targeting the PD-1/PD-L1 pathway—have gained popularity, becoming more commonly used in the clinic. However, with their widespread use came a gradual realization that they were effective in only a fraction of patients (10-30%), indicating it is urgently needed to develop robust predictors as useful tools for precise immunotherapy of advanced HCC (28, 29). In a previous study, we developed and validated a radiomics nomogram by incorporating pretreatment contrast-enhanced computed tomography images and clinical factors to estimate the efficacy of anti-PD-1 antibodies treatment in patients with advanced HCC (22). However, the development of a radiomics nomogram needs precise feature extraction of tumorous foci and professionals to carry out tedious machine learning, which greatly limits its application in our daily clinical practice. Therefore, more effective and convenient predictive tools are needed.

Previous studies have identified important HCC etiologies, like viral hepatitis, fatty liver disease, and alcoholic cirrhosis—each of which can induce fibrosis and lead to the development of HCC (30–32). Indeed, fibrosis is a verified factor that leads to HCC, and over 80% of patients with HCC have liver fibrosis (14, 33, 34). Accordingly, liver stiffness has been gradually accepted as an indicator of prognosis in patients with HCC. For example, Lee et al. found that LS values measured by 2D-SWE significantly predicted overall survival after radiofrequency ablation for HCC (14), while magnetic resonance elastography (MRE)-assessed LS has been highlighted as a potential radio-omics biomarker for predicting the prognosis of patients with chronic liver disease and HCC (13). However, no study has yet examined LS values as predictors for anti-PD-1 antibodies treatment efficacy. In the present report, we assessed the performance of LS values, as measured by SWE, for predicting response to therapy with anti-PD-1 antibodies in combination with lenvatinib in patients with advanced HCC. We demonstrated that a baseline tumor LS of >19.53 kPa was associated with higher rates of PD. We chose to test tumor LS values measured by SWE as a potential tool for predicting treatment efficacy of PD-1 inhibitor-based therapy for the following reasons: 1) with recent advances in ultrasound technology, various elastography techniques, including TE and SWE, have been confirmed to be effective tools for staging the degree of fibrosis (15–17); 2) in contrast to TE, SWE provides additional real-time information on tumorous foci, enabling a more detailed characterization that can help to predict the nature and behavior of the tumor (35); and 3) compared to TE, SWE shows a higher rate of reliable measurements and a similar predictive value for fibrosis, as determined in a meta-analysis of 13 studies (36).

To validate the predictive value of the data obtained from SWE, AUROCs were calculated for baseline tumor LS values in predicting PD after treatment with anti-PD-1 antibodies plus lenvatinib; we found that the AUROC was increased in both the training and validation sets compared with the normal liver tissue. Recently, Kim et al. reported that higher LS values, as assessed by MRE, are a potential biomarker for predicting poor overall survival and significant liver injury in patients with advanced HCC who were treated with sorafenib (13). This is in concordance with our current data, where tumor LS was identified as a strong predictor of treatment efficacy after anti-PD-1 antibodies in combination with lenvatinib. Furthermore, we have verified the predictive value of hepatic tumor stiffness by developing a nomogram, which showed favourable discrimination and calibration values.

The mechanism underlying the differential anti-PD-1 antibodies in combination with lenvatinib response associated with tumor stiffness in HCC remains unknown. This may be partly due to the dense extracellular matrix (ECM) that forms a barrier for T cells since the fibrotic state of desmoplastic tumors can cause immunosuppression through multiple mechanisms. First, it has been proposed that ECM may act as a physical barrier to CD8+ T cells infiltration into tumors. In addition to physical exclusion, matrix density and architecture could induce the localization and migration of T cells into the tumor stroma rather than into tumor cell nests (37). Furthermore, cellular components of tumor-associated fibrosis, particularly the cancer-associated fibroblasts (CAF), can have both direct and indirect effects on T cell infiltration and function (38). To explore the heterogeneity of biological and immune characteristics associated with tumor stiffness in HCC—and thus, potential explanations of the differential response—we identified DEGs between high- and low-stiffness tumor groups using scRNA-seq and IHC staining. We found that the DEGs that were enriched in high stiffness tumors were predominantly associated with metabolic pathways, while those enriched in low stiffness tumors were related to DNA damage repair, indicating that metabolic differences might drive the matrix stiffness–induced effects on the tumor’s biological behavior. Further analyses using the MCP-counter and IHC were performed to explore the immune landscape based on matrix stiffness. Our data showed that patients with low tumor stiffness had relatively higher immune cell infiltration, suggesting low LS is associated with a hot immune microenvironment phenotype, which might explain the differential responses to anti-PD-1–based therapy. In addition, the above molecular changes associated with tumors of different stiffnesses were further validated in the TCGA-LIHC and GSE109211 cohorts. Finally, we identified candidate drugs targeting the HDAC pathway as potentially useful strategies for promoting the infiltration of cytotoxic T cells into the microenvironment of high LS tumors, with the idea that this would enhance the efficacy of immunotherapies. Further experimental research focusing on the efficacy and safety of HDAC inhibitors in HCC patients with high stiffness liver tumors is needed to verify our conjecture.

Several limitations should be considered while interpreting our results. First, this is a retrospective study, which may have selection bias. The conclusions drawn from this study should be verified in larger prospective studies. Second, only 9 HCC samples were collected for RNA sequencing and IHC analysis, and thus, selection bias and confounding factors could not be eliminated. Third, several factors affecting the stiffness of liver tumors—e.g., MAFLD (metabolic associated fatty liver disease), ascites and jaundice, have not been analyzed in our current study. Therefore, additional multicenter, randomized controlled prospective studies are needed, specifically in patients with advanced HCC who receive a PD-1 inhibitor in combination with lenvatinib as the first-line regimen, to evaluate the predictive ability of tumor LS and the underlying mechanisms of LS-associated disease progression.

In conclusion, baseline LS values of tumorous foci by SWE prior to initiation of treatment with a PD-1 inhibitor plus lenvatinib were found to conveniently predict PD-1 inhibitor efficacy in patients with advanced HCC. It may be possible to apply these findings in the future for pretreatment stratification aimed at optimizing treatment outcomes in patients with advanced HCC. Metabolic differences and immune cell infiltration abundance may be the underlying mechanisms driving matrix stiffness effects on the tumor’s biological behavior.
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Background

Complement factor H-related 4 (CFHR4) is a protein-coding gene that plays an essential role in multiple diseases. However, the prognostic value of CFHR4 in hepatocellular carcinoma (HCC) is unknown.



Methods

Using multiple databases, we investigated CFHR4 expression levels in HCC and multiple cancers. The relationship between CFHR4 expression levels and clinicopathological variables was further analyzed. Various potential biological functions and regulatory pathways of CFHR4 in HCC were identified by performing a Gene Ontology (GO) analysis, Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis and Gene Set Enrichment Analysis (GSEA). Single-sample gene set enrichment analysis (ssGSEA) was performed to confirm the correlation between CFHR4 expression and immune cell infiltration. The correlations between CFHR4 expression levels in HCC and N6-methyladenosine (m6A) modifications and the competing endogenous RNA (ceRNA) regulatory networks were confirmed in TCGA cohort.



Results

CFHR4 expression levels were significantly decreased in HCC tissues. Low CFHR4 expression in HCC tissues was significantly correlated with the patients’ sex, race, age, TNM stage, pathological stage, tumor status, residual tumor, histologic grade and alpha fetal protein (AFP) level. GO and KEGG analyses revealed that differentially expressed genes related to CFHR4 may be involved in the synaptic membrane, transmembrane transporter complex, gated channel activity, chemical carcinogenesis, retinol metabolism, calcium signaling pathway, PPAR signaling pathway, insulin and gastric acid secretion. GSEA revealed that the FCGR-activated reaction, PLK1 pathway, ATR pathway, MCM pathway, cascade reactions of PI3K and FGFR1, reactant-mediated MAPK activation and FOXM1 pathway were significantly enriched in HCC with low CFHR4 expression. Moreover, CFHR4 expression was inversely correlated the levels of infiltrating Th2 cells, NK CD56bright cells and Tfh cells. In contrast, we observed positive correlations with the levels of infiltrating DCs, neutrophils, Th17 cells and mast cells. CFHR4 expression showed a strong correlation with various immunomarker groups in HCC. In addition, high CFHR4 expression significantly prolonged the overall survival (OS), disease-specific survival (DSS) and progression-free interval (PFI). We observed a substantial correlation between the expression of CFHR4 and multiple N6-methyladenosine genes in HCC and constructed potential CFHR4-related ceRNA regulatory networks.



Conclusions

CFHR4 might be a potential therapeutic target for improving the HCC prognosis and is closely related to immune cell infiltration.
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Introduction

HCC is the sixth most common cancer worldwide. Over 900,000 new cases of HCC are confirmed each year, and approximately 800,000 people die of HCC annually, making it the third most common cause of cancer-related death. The morbidity and mortality rates of HCC are 2 to 3 times higher in men than in women in most areas (1). In China, the death rate of HCC is the highest among men over 60 years of age. The number of new cases of liver cancer diagnosed each year accounts for approximately 50% of all cases worldwide. The key determinants of liver cancer are chronic HBV infection, aflatoxin exposure or both (1, 2). The development of surgical procedures has improved the survival rate of patients with early-phase HCC, but many patients already have advanced HCC at the diagnosis, resulting in a poor overall survival rate. Therefore, the identification of new, relevant biomarkers is urgently needed to improve the early diagnosis, prognostic assessment and treatment of HCC (3–5).

Research shows that the complement system is a vitally important component of innate immunity and is extensively involved in innate immune recognition, adaptive cell stimulation and proinflammatory effector responses. The complement system exerts a regulatory effect on the tumor microenvironment, influencing the outcome of the immune response (6, 7). The factor H/CFHR family includes five complement F factor H-related proteins (CFHR1/2/3/4/5), factor H and complement factor H‐like protein (CFHL1) (8, 9). CFHRs are secreted plasma proteins synthesized mainly by hepatocytes. CFHR4 is a key component of the innate immune system, and its expression is restricted to the liver (10). To date, numerous studies have suggested a role for CFHR4 in immune system disorders, such as age-related macular degeneration (AMD) (10, 11), systemic lupus erythematosus (12) and atypical hemolytic uremic syndrome (AHUS) (13, 14). However, the association of CFHR4 with HCC has not yet been characterized.

The N6-methyladenosine (m6A) RNA and competing endogenous RNA (ceRNA) regulatory network is currently a new direction in cancer therapy, and the mechanisms have been extensively studied in HCC (15). Current studies mainly focus on methyltransferases, demethylases and binding proteins (16, 17). Although the mechanism of the m6A regulatory factor requires further study, the roles of the m6A regulatory factor in tumor proliferation, invasion and metastasis have been confirmed (18). In addition, ceRNA regulatory networks are also crucial for the emergence and development of multiple cancers, including ovarian cancer (19), esophageal cancer (20) and gastric cancer (21). However, no studies have examined the ceRNA regulatory network of CFHR4 in HCC or reported on its association with m6A regulators.

In the present study, we analyzed CFHR4 expression levels in HCC tumors and normal liver tissue from multiple datasets. An analysis of RNA sequencing (RNA-seq) data from TCGA revealed the clinical relevance and potential diagnostic and prognostic roles of CFHR4 in HCC. In addition, we further explored the biological significance of CFHR4 by performing enrichment analyses and a protein–protein interaction (PPI) network analysis and determining the correlation with immune cell infiltration. After analyzing the correlation of CFHR4 and m6A, we constructed ceRNA regulatory networks involving CFHR4 in HCC.



Materials and Methods


RNA-Seq Data Source

We first collected gene expression data and clinical data from 424 patients with HCC in TCGA (https://portal.gdc.cancer.gov). In addition, the RNA sequencing data (GSE14520) were downloaded from the Gene Expression Omnibus (GEO) database. HTSeq-FPKM of level 3 format was converted into transcripts per million (TPM). Screening was performed to exclude patients with incomplete information, and the TPM data from 374 patients were used in subsequent analyses (Supplementary Table 1). The evolution process used the “ggplot2” R package.



Cell Lines and Cell Culture

Normal human liver cells (WRL68) were purchased from AcceGen (Fairfield, USA), and HCC cell lines (BEL7402, SK-hep1, HCCLM3, HepG2 and Huh7) were purchased from the Chinese Academy of Science (Shanghai, China). WRL68 cells were cultured in RPMI-1640 medium, and other cell lines were cultured in DMEM supplemented with 10% FBS and 1% penicillin-streptomycin. All cells were incubated in a 37°C incubator with 5% CO2.



HCC Tissue Collection

We collected 30 pairs of HCC tissues and adjacent liver tissues at the First Affiliated Hospital of Harbin Medical University from 2006 to 2013 after obtaining informed consent from patients. The research project was conducted under the supervision of the Ethics Committee of the First Affiliated Hospital of Harbin Medical University.



Quantitative Real-Time PCR

Quantitative real-time PCR was performed on the samples as described previously (5). The following primers were used: CFHR4-F, 5’-TGCGGTTTAAGCTCCATGACA -3’; CFHR4-R, 5’-CCCATCTTCACCACACACTATG-3’; GAPDH-F, 5’ -TGACTTCAACAGCGACACCCA-3’ and GAPDH-R, 5’-CACCCTGTTGCTGTAGCCAAA-3’. GAPDH was used as a control to determine changes in mRNA levels using the 2-ΔΔCT method.



Identification of Differentially Expressed Genes

The differentially expressed genes (DEGs) between high CFHR4 expression and low CFHR4 expression samples from TCGA database were analyzed using the DEseq2 (1.26.0) R package (22) with Student’s t test. Differences were considered statistically significant for an adjusted p value < 0.05 and absolute log2-fold change > 1.5. Moreover, volcano plots and heatmaps were constructed to visualize the DEGs.



Gene Set Enrichment Analysis (GSEA)

Pathway enrichment analyses were performed with the “clusterProfiler” R package (23, 24). The c2.cp.v7.2.symbols.gmt curated gene sets were retrieved from the Molecular Signatures Database (MSigDB). Each analytical technique was conducted repeatedly a thousand times. An FDR-corrected q value < 0.25 and adjusted p value< 0.05 were considered statistically significant.



ssGSEA of Immune Cell Infiltration

We analyzed the levels of infiltration of 24 types of immune cells in HCC using the ssGSEA method with the GSVA package in R. We then quantified the enrichment score for each immune cell by performing gene expression profiling of each HCC sample based on the signature of immune cells (25, 26).



Construction and Evaluation of the Nomogram

The univariate Cox regression analysis of the correlation between CFHR4 expression and the values multiple clinical prognostic parameters in patients with HCC was performed using R software with the “survival” package. Using the RMS package (version 6.2-0) and survival package (version 3.2-10), nomograms including important clinical features and calibration plots were constructed. The 45° line represents the best-predicted value, and calibration curves were graphically evaluated by mapping the nomogram-predicted probability against observed occurrences. The consistency index (C-index) was used to measure the discriminative capability of the nomogram and to compare the predictive accuracy of nomograms and individual prognostic indicators. This process was calculated using the bootstrap method and repeated 1000 times. In the present study, one-way analysis of variance (ANOVA) and two-tailed Student’s t test were used to analyze the data. A P value < 0.05 was considered statistically significant.



Prediction and Construction of ceRNA Networks

The TargetScan (http://www.targetscan.org), DIANA-microT (http://diana.imis.athena-innovation.gr/DianaTools/index) and RNAinter (http://www.rnainter.org) online sites were used together to predict and analyze the target miRNAs of CFHR4, compare the correlations between the expression of CFHR4 and target miRNAs and screen miRNAs that were more compatible with ceRNA networks. The target lncRNAs of the screened miRNAs were predicted and analyzed using miRNet2.0 (www.mirnet.ca/miRNet/home.xhtml) and starBase3.0 (www.starbase.sysu.edu.cn), and the correlation between the two was further analyzed to screen for additional eligible ceRNAs. A comprehensive analysis of negatively correlated miRNA–mRNA and miRNA-lncRNA expression levels was performed to establish an HCC-related lncRNA-miRNA–mRNA (CFHR4) ceRNA network.



Statistical Analysis

The R package (version 3.6.3) was used for statistical analyses and plotting. CFHR4 expression in unpaired and paired samples was analyzed using the Wilcoxon rank sum test and Wilcoxon signed rank test, respectively, with the pROC (1.17.0.1) package for ROC analysis. In addition, the Kruskal–Wallis test and univariate Cox analysis were applied to investigate whether CFHR4 expression was associated with clinicopathological factors. Using the KM method and log-rank test, we compared the differences in 10-year OS, DSS and PFI between patients with high CFHR4 expression and those with low CFHR4 expression in TCGA. In all studies, a P value < 0.05 was defined as statistically significant.




Results


CFHR4 Expression Is Downregulated in HCC

By analyzing GTEx and TCGA datasets, we investigated the CFHR4 mRNA levels across cancer types using the Wilcoxon rank sum test, including adrenocortical carcinoma (ACC), bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC), cholangiocarcinoma (CHOL), colon adenocarcinoma (COAD), esophageal carcinoma (ESCA), glioblastoma multiforme (GBM), head and neck squamous cell carcinoma (HNSC), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), acute myeloid leukemia (LAML), brain lower grade glioma (LGG), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), mesothelioma (MESO), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), pheochromocytoma and paraganglioma (PCPG), prostate adenocarcinoma (PRAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), skin cutaneous melanoma (SKCM), testicular germ cell tumors (TGCT), thyroid carcinoma (THCA), uterine corpus endometrial carcinoma (UCEC) and uterine carcinosarcoma (UCS). We found that CFHR4 expression was significantly decreased in LIHC and CHOL compared with normal tissues (Figure 1A). We obtained similar results from the Timer and GEPIA databases (Supplementary Figures 1A, B). According to the expression of CFHR4 in 374 HCC tissues and 50 normal liver tissues, we confirmed that the CFHR4 expression level was also noticeably decreased in HCC tissues (P<0.001) (Figure 1B). Furthermore, CFHR4 was underexpressed in the GSE14520 HCC cohort (P<0.001) (Figure 1C). Similar results were obtained for adjacent HCC tissues among the 50 matched HCC tissues and adjacent HCC tissues (P<0.05) (Figure 1D). We extracted protein from human normal hepatic cells (WRL68) and HCC cells (BEL7402, SK-hep1, HCCLM3, HepG2 and Huh7) and confirmed the low expression of CFHR4 in HCC cells using Western blot (Figure 1E). Subsequently, 30 pairs of HCC samples were validated, and similar conclusions were reached (Figure 1F). CFHR4 mRNA expression levels were further validated using quantitative real-time PCR analyses (P<0.001) (Figures 1G, H). In addition, we constructed the receiver operating characteristic (ROC) curve. The area under the curve (AUC) for CFHR4 was 0.698, and it has a significant diagnostic value for HCC (Figure 1I).




Figure 1 | Differences in the expression of CFHR4 and CFHR4-associated DEGs. (A) CFHR4 expression levels in different cancer tissues compared to normal tissues (TCGA). (B–D) CFHR4 expression in HCC samples. (E) CFHR4 expression was detected in WRL68, BEL7402, SK-Hep1, HCCLM3, HepG2, and Huh7 cell lines using Western blotting. (F) CFHR4 protein expression in 30 paired adjacent noncancerous tissues and HCC tissues. (G) CFHR4 expression was detected in WRL68, BEL7402, SK-Hep1, HCCLM3, HepG2, and Huh7 cell lines using PCR. (H) CFHR4 mRNA expression in 30 paired adjacent noncancerous tissues and HCC tissues. (I) ROC curves were created to investigate the value of CFHR4 in identifying HCC tissues. (J, K) Volcano plots of the DEGs and heatmap showing the top 10 DEGs. *p < 0.05, **p < 0.01, ***p < 0.001, NS, no significance.





Identification of DEGs in HCC

According to the CFHR4 expression level, we divided the data from patients with HCC into high and low CFHR4 expression groups for comparison. The DESeq2 package was used to infer CFHR4-associated genes and analyze the DEGs between the high and low expression groups. An adjusted p value < 0.05 and absolute log2-fold change > 1.5 were considered statistically significant. A total of 721 significant DEGs were identified. 113 DEGs were associated with the high CFHR4 expression group, and 608 DEGs were associated with the low CFHR4 expression group (Figure 1J and Supplementary Table 2). The top 10 DEGs were identified, further analyzed using HTSeq-Counts and sorted by relative expression (Figure 1K).



GO and KEGG Enrichment Analyses

GO and KEGG enrichment analyses were performed using the “clusterProfiler” R package to further analyze the potential biological functions of CFHR4-related DEGs. The GO analysis indicated that CFHR4-related DEGs may be involved in gated channel activity, regulation of signal release, regulation of ion transmembrane transport, metal ion transmembrane transporter activity, synaptic membrane, transmembrane transporter complex and passive transmembrane transporter activity (Figures 2A, B; Supplementary Table 3). In the KEGG enrichment analysis, CFHR4-related DEGs were mainly involved in chemical carcinogenesis, retinol metabolism, the calcium signaling pathway, the PPAR signaling pathway, bile secretion, insulin secretion and gastric acid secretion (Figures 2C, D).




  Figure 2 | Functional enrichment analyses of CFHR4-related genes in HCC. (A, B) The enriched terms in GO categories in HCC. (C, D) KEGG pathway analysis based on CFHR4-associated DEGs. (E–J) GSEA enrichment plots, including FCGR, activated reaction, PLK1 pathway, reactant FCERI-mediated MAPK activation, ATR pathway, MCM pathway, cascade reactions of PI3K and FGFR1, reactant-mediated MAPK activation and FOXM1 pathway.





CFHR4-Related Signaling Pathways Based on GSEA

GSEA was conducted between the high and low CFHR4 expression groups to further reveal CFHR4-related signaling pathways in HCC. The following pathways were significantly enriched in patients with low CFHR4 expression: FCGR-activated reaction, PLK1 pathway, reactant FCERI-mediated MAPK activation, ATR pathway, MCM pathway, cascade reaction of PI3K and FGFR1, reactant-mediated MAPK activation and FOXM1 pathway (Figures 2E–J; Supplementary Table 4).



PPI Network Analysis

We explored the association between 721 DEGs in the HCC group using the STRING database by setting the interaction threshold to 0.70 and constructed a PPI network to further investigate the underlying mechanisms (Figure 3A; Supplementary Table 5). Subsequently, 301 proteins and 420 edges were screened, and five central gene clusters were identified using a total score ≥5000 (Figures 3B–F). In addition, the top 7 central genes were screened, including CENPA, CDC20, UBE2C, CEP55, BIRC5, FAM64A and TRIP13 (Figure 3G). By analyzing the GeneMANIA and STRING online datasets, potential CFHR4-interacting target genes were identified (Supplementary Figures 2A, B). CFHR4-related genes were selected by performing a crossover analysis, including C3, CRP, CFHR1, CFHR3 and CFHR5 (Supplementary Figure 2C). We subsequently analyzed the association between CFHR4 and the 5 intersecting genes (Supplementary Figures 2D–H).




Figure 3 | PPI network enrichment analysis. (A) The PPI network was built based on PPI pairs identified by the STRING dataset. (B–F) Hub gene clusters were selected from the PPI network (criteria of total scores ≥ 5,000). (G) Top 7 hub genes in the PPI network.





Correlation Between CFHR4 Expression and Immune Cell Infiltration

Based on the ssGSEA algorithm, we confirmed and quantified the correlations between CFHR4 expression and the immune cell infiltration levels (Figure 4A). The expression of CFHR4 was negatively correlated with aDCs, TFH cells, NK CD56bright cells and Th2 cells, and it has positive correlations with Th17 cells, DCs, neutrophils, mast cells, Tgd cells, Tcm cells, cytotoxic cells, Tregs, NK cells, pDCs, eosinophils, iDCs, B cells, T cells, CD8 T cells, Tems, NK CD56dim cells, T helper cells, macrophages and Th1 cells (Figures 4B–H). We further confirmed the correlation between CFHR4 expression with immunomarker of various immune cells in HCC. The results showed that CFHR4 expression was significantly correlated with the immunomarkers IRF5 and INOS of M1 macrophages in HCC (Table 1). It indicated that CFHR4 may induce macrophages to M1 polarization in HCC. This analysis of immune markers of different functions T cells showed that CFHR4 expression was highly correlated with the most immunomarkers (CD8B, CD3D, STAT1, IFN-γ, STAT5A, IL21, TGFβ, PD-1, CTLA4, LAG3 and TIM-3) of T cells in HCC (Table 1). It turns out that CFHR4 may perform an indispensable role in the T cells’ immune response to HCC. Especially for T cells exhaustion, consistent results with the GISTIC analysis were obtained. The somatic copy number alteration (SCNA) module demonstrated that the arm-level deletion of CFHR4 was markedly associated with immune cell infiltration levels in HCC (Figure 4I). In addition, the results also showed a correlation between CFHR4 expression and the immunomarkers of TAMs, neutrophils and dendritic cells (Table 1). Subsequently, according to the expression level of CFHR4, HCC samples were dichotomized into CFHR4-high and low expression groups, we aimed to reveal whether different expression groups of CFHR4 differ in the tumor immune microenvironment of HCC (Figure 4J). We found that cytotoxic cells, DCs, iDCs, mast cells, neutrophils, NK cells, pDCs, Tcm cells, Tem cells, Tgd cells, Th17 cells and Tregs were increased in the CFHR4 high expression group (P < 0.05), while the NK CD56bright cells, TFH cells and Th2 cells decreased (P < 0.05). These findings confirmed that reduced expression of CFHR4 in HCC was closely associated with immune cell infiltration.




Figure 4 | Integrative analysis of CFHR4 expression in the infiltrating immune microenvironment. (A) The forest plot depicts the relationship between the level of CFHR4 expression and the relative abundances of 24 immune cells. (B–H) Scatter plots showing the differentiation of Th17 cells, Th2 cells, DCs, NK CD56bright cells, neutrophils, TFH cells and mast cells infiltration levels between high and low groups of CFHR4 expression. (I) The SCNA showed that CFHR4 expression correlated with the level of immune cell infiltration. (J) Scatter plots showing the correlations between 24 immune cells and CFHR4 expression levels. *p < 0.05, **p < 0.01, ***p < 0.001, NS, no significance.




Table 1 | Correlation analysis between CFHR4 expression and biomarkers of immune cells.





Correlation Between the CFHR4 Expression Level and Clinical Characteristics

The clinical data from patients with HCC in TCGA database were obtained to investigate the clinical characteristics of patients with different CFHR4 expression levels. After removing patients with incomplete clinical data, 374 patients remained for further analysis; the average age was 61.5 years (49.25 to 70.00 years), and 67% were male. Table 2 provides a detailed description of the clinical data. We evaluated the differences in clinicopathological variables after stratifying patients based on CFHR4 expression using the Kruskal–Wallis test, and the level of CFHR4 was strongly correlated with age, sex, race, TNM stage, histologic grade, pathological stage, tumor status, residual tumor, vascular invasion and AFP level (Figures 5A–L). Notably, CFHR4 was expressed at higher levels in the older age group (age>60 years) than in the younger age group (age ≤ 60 years) (P<0.05). Significant differences in CFHR4 expression levels were also noted in different races (P<0.001). Moreover, a higher histological grade, TNM grade, pathological stage and tumor status were also significantly associated with low CFHR4 expression. Subsequently, we further confirmed the lower CFHR4 expression level in the group with a high AFP level (>400 ng/mL) (P<0.001). Based on these results, patients with HCC presenting lower CFHR4 expression seemed to have a more advanced tumor stage.


Table 2 | The correlations between clinicopathological variables and CFHR4 expression.






 Figure 5 | Correlation of CFHR4 expression with clinicopathological characteristics. (A) Sex. (B) Age. (C) Race. (D) Histologic grade. (E) T stage. (F) N stage. (G) M stage. (H) AFP level. (I) Pathological stage. (J) Tumor status. (K) Residual tumor. (L) Vascular invasion. *p < 0.05, **p < 0.01, ***p < 0.001.





Prognostic Potential of CFHR4 in HCC

Afterward, we performed a series of studies to determine the association of CFHR4 expression levels with the prognosis of patients with HCC. The Kaplan–Meier Plotter analysis revealed an association between low CFHR4 expression and a poor prognosis (Figures 6A–C). Moreover, we performed subgroup analyses of OS, DSS and PFI. Patients with high CFHR4 expression had a correspondingly better prognosis for OS, DSS and PFI in the Asian group (Figures 6D–F). However, OS, DSS and PFI in the white and black or African–American subgroups were not significantly different (Supplementary Figures 3A–C). In addition, patients with HCC presenting high CFHR4 expression who were aged ≤ 60 years experienced longer OS and DSS but had a worse prognosis in terms of PFI (Figure 6G–I). However, no significant differences were observed in the younger age subgroups for OS, DSS and PFI (age ≤ 60 years) (Supplementary Figures 3D–F). We further confirmed that the T3 and T4 subgroups and the stage III and stage IV subgroups experienced poorer OS (Supplementary Figures 3G, H).




Figure 6 | The prognostic value of CFHR4 in HCC. (A–C) Survival curves showing a comparison of OS, DSS and PFI between patients with HCC presenting high and low CFHR4 expression. (D–F) OS, DSS and PFI survival curves for Asian patients with HCC presenting high and low CFHR4 expression. (G–I) OS, DSS and PFI survival curves for patients with HCC aged ≤60 years presenting with high and low CFHR4 expression. (J–L) Univariate survival analysis of OS, PFI, and DSS in patients from different subgroups stratified according to TNM stage, pathological grade, tumor status, and CFHR4 expression levels. (M) For patients with HCC, a nomogram was constructed to estimate the probability of 1-, 3-, and 5-year OS. (N) Nomogram calibration plots for determining the probability of OS at 1, 3, and 5 years.



A univariate Cox regression analysis was performed with TNM stage, pathological grade, tumor status and CFHR4 expression levels to further identify factors associated with different prognoses (Supplementary Table 6). The forest plot illustrated that low expression of CFHR4 was a risk factor for the OS (Figure 6J; Supplementary Table 7), DSS (Figure 6K; Supplementary Table 6) and PFI (Figure 6L; Supplementary Table 8) of patients with HCC. According to the results of the univariate Cox regression analysis, CFHR4 expression and other independent clinicopathological factors were used to construct the point scale of the nomogram. Each variable was scored with reference to the scale of the nomogram, and the total scores were dispatched to the outcome line and predicted the prognosis of patients with at 1, 3 and 5 years. The C-index of the nomogram was 0.706 (95% confidence interval: 0.671-0.741). This result suggested that the prognostic nomogram of CFHR4 had good discriminatory power (Figure 6M). The deviation correction line in the calibration analysis approached the ideal curve, indicating that the predicted values were consistent with the observed values (Figure 6N). Consistent results were obtained with the univariate Cox regression analysis.



CFHR4 Expression Is in Associated With m6A RNA Methylation Regulators in HCC

As reported in previous studies, m6A RNA methylation exerts an important effect on the development of HCC (27–29). The correlations between CFHR4 expression and the expression of 23 m6A-related genes were analyzed in TCGA (Figure 7A). The correlation analysis showed significant negative correlations between the expression of CFHR4 (P < 0.05) and 15 m6A-related genes in HCC (Figures 7B–P). Furthermore, groups were established based on the median CFHR4 expression, and 211 patients were assigned to the high expression group and 210 patients were assigned to in the low expression group. We determined the relationship between the CFHR4 expression level and m6A modification level in HCC by analyzing the differential expression of 23 m6A-related genes in different expression groups (Figure 7Q). The expression of YTHDC1, IGF2BP1, IGF2BP2, IGF2BP3, YTHDF1, YTHDF2, HNRNPA2B1, LRPPRC, HNRNPC, RBMX, METTL16, METTL3, RBM15, RBM15B, VIRMA, WTAP and ALKBH5 was reduced in the high CFHR4 expression group (P < 0.05). In summary, a strong correlation was observed between m6A RNA methylation in HCC and the CFHR4 expression level.




Figure 7 | Analysis of the association between the CFHR4 expression level and the expression of m6A-related genes in HCC. (A) Correlation of CFHR4 expression levels with m6A gene expression in HCC. (B–P) Scatter plot showing the relationship between CFHR4 and m6A genes. (Q) Correlation of m6A genes in the CFHR4 high and low expression groups of HCC tumor samples. **p < 0.01, ***p < 0.001, NS, no significance.





Construction of a CFHR4-Related ceRNA Triple Regulatory Network

Accumulating evidence highlights the regulatory role of lncRNA–miRNA–mRNA ceRNA networks in cancers. Therefore, we analyzed and constructed a ceRNA regulatory network for CFHR4 in HCC. Through TargetScan, DIANA-microT and RNAinter database predictions, the following 11 miRNAs were jointly predicted: hsa-miR-32-3p, hsa-miR-142-5p, hsa-miR-146a-5p, hsa-miR-302c-5p, hsa-miR-361-5p, hsa-miR-4775, hsa-miR-4786-5p, hsa-miR-4795-3p, hsa-miR-5590-3p, hsa-miR-580-3p and hsa-miR-590-3p (Figure 8A). Based on the regulatory relationship in the ceRNA network, a negative correlation was observed between mRNAs and miRNAs. Four miRNAs negatively correlated with CFHR4 expression were identified and screened by performing a correlation analysis. The scatter plots showed the correlation between CFHR4 expression and the target miRNAs, and the TargetScan database was used to predict the potential binding sites in CFHR4 for target miRNAs (Figures 8B–E). Subsequently, the lncRNAs that may interact with the target miRNAs (hsa-miR-146a-5p, hsa-miR-361-5p and hsa-miR-580-3p) were further predicted using the miRNet and starBase databases (Figures 8F–H). This interaction is due to the negative correlation between the expression of lncRNAs and miRNAs. Consequently, using the starBase database, we further screened and confirmed the lncRNAs in HCC that were negatively correlated with the three target miRNAs. Based on these results, the following 10 ceRNA regulatory networks that play a role in HCC were constructed: TMEM161B-AS1-hsa-miR-146a-5p-CFHR4, CCDC183-AS1-hsa-miR-146a-5p-CFHR4, NEAT1-hsa-miR-146a-5p-CFHR4, MALAT1-hsa-miR-146a-5p-CFHR4, XIST-hsa-miR-146a-5p-CFHR4, DNAAF4-CCPG1-hsa-miR-361-5p-CFHR4, NEAT1-hsa-miR-580-3p-CFHR4, LINC00641-hsa-miR-580-3p-CFHR4, DNAAF4-CCPG1-hsa-miR-580-3p-CFHR4 and DSCAM-AS1-hsa-miR-580-3p-CFHR4 (Figure 8I).




Figure 8 | Prediction of the ceRNA network in HCC. (A) Venn diagram showing the results for CFHR4 targets predicted using the TargetScan, DIANA-microT and RNAinter databases. (B–E) Scatter plots were generated to show miRNAs-mRNAs with significant correlations. TargetScan prediction of the potential binding sites in CFHR4 for the target miRNAs. (F–H) The lncRNAs that bind to target miRNAs were predicted using the miRNet and starBase online databases and displayed in a Venn diagram, including hsa−miR−146−5p, hsa−miR−361−5p and hsa−miR−580−3p. (I) Sankey diagram showing the CFHR4-related ceRNA regulatory network.






Discussion

The CFHR family consists of five highly related proteins. Each CFHR gene has a completely duplicated structural domain in the plasma proteins, and they share high sequence identity (8, 9). Members of the CFHR family of proteins play key roles in the progression of multiple diseases through multiple mechanisms. For example, CFHR1 exacerbates atherosclerotic cardiovascular disease by altering the expression levels of C-reactive protein apolipoprotein and serum amyloid protein A (30). All CFHR genes are genetic risk factors for AMD (31). The CFHR family of genes is also important in AHUS and C3 glomerulopathy (11, 13, 32). In addition, some members of the CFHR family of proteins have been proven to exert a marked effect on the progression of a variety of cancers (33–35). However, few studies on CFHR4 have been conducted, and no studies have determined its role in cancer.

In the present study, we measured the expression level and prognostic value of CFHR4. We confirmed that CFHR4 mRNA expression was markedly downregulated in HCC and CHOL tissues, and these results were validated in multiple databases. The ROC curve analysis suggested that CFHR4 may be a promising diagnostic biomarker for differentiating HCC from normal tissue.

We confirmed the reduced expression of CFHR4 in HCC cell lines and HCC samples by performing in vitro experiments. We analyzed the DEGs related to CFHR4 to further assess the role of CFHR4 in HCC. By conducting GO and KEGG analyses, we found that differences in CFHR4 expression were significantly correlated with regulating signal release, regulation of ion transmembrane transport, gated channel activity, metal ion transmembrane transporter activity, calcium signaling pathway and the PPAR signaling pathway. Using GSEA, we also revealed that low CFHR4 expression was significantly associated with FCGR-activated reactions, the PLK1 pathway, reactant FCERI-mediated MAPK activation, the ATR pathway, the MCM pathway, the cascade reactions of PI3K and FGFR1, reactant-mediated MAPK activation and the FOXM1 pathway in patients. PLK1 (36), MAPK (37), ATR (38), MCM (39), PI3K and FGFR1 (40) have been shown to play increasingly crucial regulatory roles in HCC, and these studies and our results indicated that CFHR4 may inhibit the development and progression of HCC by regulating these signaling pathways. However, the association of CFHR4 with these signaling pathways was first discovered here, and the regulatory mechanisms require further exploration. Furthermore, based on the DEGs, we constructed the PPI networks using the Cytoscape tool. Five central gene clusters (a total score ≥ 5000) and the top 7 central genes were screened, including CENPA, CDC20, UBE2C, CEP55, BIRC5, FAM64A and TRIP13. The CFHR4-interacting genes were generated using STRING and GeneMANIA online databases, and we observed five intersecting genes, including C3, CRP, CFHR1, CFHR3 and CFHR5. Existing studies have confirmed that CFHR4 regulates complement activation and opsonization on biological surfaces by interacting with native CRP (Hebecker et al., 2010). CFHR4 interacts with C3b (C3 activation fragment) (Hellwage et al., 1999, Hebecker and Jozsi, 2012). These conclusions promote the credibility of the predictions from the STRING database and will provide critical insights into the design of follow-up studies and experimental validation.

Among the results, tumor infiltrating immune cells (TIICs) were recently shown to play a pivotal regulatory role in tumor progression (41). The substantial accumulation of TIICs in HCC affects the prognosis of HCC (42). By revealing the relationship between CFHR4 expression and the level of immune cell infiltration in HCC, CFHR4 expression was clearly associated with the infiltration of Th17 cells, DCs, neutrophils and Th2 cells. Th17 cells are a major effector subset of CD4+ T cells that play a vital role in host protection and autoinflammatory disorders (43, 44). The differentiation of Th17 cells into Th1 and Th2 cell subsets participates in regulating the response to intracellular pathogens and extracellular organisms (45). Th1/17 cells produce IFN-γ to drive antitumor immune responses (46). Multiple studies reported that increased infiltration of Th17 cells inhibits the progression of breast cancer (47). Moreover, DCs are specialized antigen-presenting cells that play important roles in the initiation and regulation of innate and adaptive immune responses (48). The antitumor effect of DCs has been confirmed (49). Neutrophils have also been proven to exert bidirectional regulatory effects on the tumor immune microenvironment (50). Our studies indicated that high CFHR4 expression activated Th17 cells, DCs and neutrophils to promote antitumor immune responses. In addition, antigen-presenting cells might promote the polarization of CD4+ T cells toward Th1 and Th2 cell subsets. Th1 cells are mainly involved in cellular immunity and tumor clearance, and Th2 cells are involved in the stimulation of antibody production (51). Th2 cells have also been confirmed as an independent risk factor for cancer growth and progression (52, 53). The number of NK CD56bright cells is significantly increased in various cancers (54–56). Multiple studies reported that Tfh cells are a specialized subset of CD4+ T cells that support the germinal centers, which secrete high-affinity antibodies and provide help for memory B cells (57, 58). Additionally, Tfh cells were confirmed to be involved in human autoimmune responses and cancers (59, 60). Based on this information, CFHR4 modulates immune responses mediated by Th2 cells, NK CD56bright cells and Tfh cells in HCC. We also found that the CFHR4 CNV was significantly correlated with the levels of infiltrating CD8+ T cells, macrophages, neutrophils, and dendritic cells. In addition, CFHR4 expression is strongly correlated with various immunomarker groups in HCC. We confirmed significant correlations between CFHR4 expression and CD8+ T cells (CD8B), monocytes (CD86), TAMs (CD68 and IL10), M1 macrophages (NOS2 and IRF5), neutrophils (CD66b, CD11b, and CCR7), natural killer cells (HLA-DPB1), dendritic cells (NRP1 and ITGAX), Th1 cells (STAT1 and IFN-γ), Th2 cells (STAT5A), Tfh cells (IL21), Th17 cells (TGFβ) and exhausted T cells (PD-1, CTLA4, LAG3, and TIM-3). Our identified a potentially indispensable role for CFHR4 in regulating immune cell infiltration in HCC. We explored the relationship between CFHR4 expression with OS, PFI, DSS and clinical characteristics (TNM stage, residual tumor, and histological grade) by performing univariate Cox regression analysis. Calibration plots showed good agreement between predicted values of CFHR4-related column line plots and forecasted and observed values for 1-, 3- and 5-year OS probabilities. These results were consistent with those of the univariate Cox regression analysis.

The m6A methylation exerts a substantial effect on tumor cell proliferation, invasion and migration (61). Currently, m6A RNA and ceRNA regulatory networks are widely studied to determine HCC mechanisms (15). We further analyzed the relationship between CFHR4 expression and m6A modifications and determined that CFHR4 expression had inseparable relationships with IGF2BP2, IGF2BP3, YTHDF1, HNRNPA2B1, LRPPRC, HNRNPC, RBMX, RBM15B and WTAP expression. We also observed significant correlations between high CFHR4 expression and YTHDC1, IGF2BP1, IGF2BP2, IGF2BP3, YTHDF1, YTHDF2, HNRNPA2B1, LRPPRC, HNRNPC, RBMX, METTL16, METTL3, RBM15, RBM15B, VIRMA, WTAP and ALKBH5 expression. Multiple studies have now reported that IGF2BP1 (62), IGF2BP2 (28), IGF2BP3 (63), YTHDF1 (64), YTHDF2 (29), BRMX (65), RBM15 (66), METTL3 (67) and WTAP (27) are significantly upregulated in HCC, and their overexpression promotes HCC progression and is associated with a poor prognosis for patients with HCC. These discussions further supported our results. Thus, these findings suggested that the CFHR4 gene may be modified by m6A to increase the stability of its mRNA, which further inhibits the proliferation, invasion and migration of HCC. Subsequently, we constructed ceRNA regulatory networks based on the prediction. Because the ceRNA regulatory networks of CFHR4 were derived from a bioinformatics analysis, more experiments are needed to validate this network in future studies.

Although we increased our awareness of the regulatory mechanism of CFHR4 in HCC, the study had several limitations. Initially, the expression levels of CFHR4 and the important regulatory mechanisms and pathways related to CFHR4 in HCC should be further validated and evaluated by analyzing clinical samples from more centers. Secondly, However, the potential diagnostic value of the circulating CFHR4 content in HCC patients is not clear, and the clinical significance of circulating tumor markers remains to be further explored. In addition, the relationship between CFHR4 and interacting genes and m6A genes in HCC should be further explored and validated. In future studies, we will further elucidate the potential regulatory mechanisms of CFHR4 in HCC by performing more experiments.



Conclusions

In summary, this study represents the first in-depth analysis of CFHR4 in HCC. Our study suggested that CFHR4 was abnormally downregulated in HCC and that its reduced expression was correlated with a poorer prognosis. We confirmed the correlation between CFHR4 expression and the m6A modification, indicating that CFHR4 may be modified by m6A to improve mRNA stability. The construction of ceRNA networks suggested that CFHR4 may be involved in multiple molecular regulatory mechanisms of HCC. More importantly, CFHR4 expression was associated with multiple immune cells and may affect HCC tumor immunity by inducing M1 macrophage polarization and altering the infiltration of exhausted T cells. These findings provide additional insights into the mechanism by which CFHR4 may represent an important independent prognostic marker for HCC. The potential molecular mechanisms and regulatory networks of CFRH4 provide a basis for follow-up studies. The study also provides important insights into the treatment of HCC based on genomics.
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Supplementary Figure 1 | CFHR4 expression levels in different cancer tissues compared to normal tissues. (A) CFHR4 expression levels in different cancer tissues compared to normal tissues in the Timer database. (B) CFHR4 expression levels in different cancer tissues compared to normal tissues in the GEPIA database. *p < 0.05, **p < 0.01, ***p < 0.001, NS, no significance.

Supplementary Figure 2 | PPI network and potential CFHR4-interacting target genes. (A) PPI networks were built using the STRING database. (B) PPI networks were built using the GeneMANIA database. (C) The intersecting genes identified by the STRING and GeneMANIA online databases are displayed in a Venn diagram. (D) Scatter plot showing the correlation between CFHR1 and CFHR4 expression. (E) Scatter plot showing the correlation between CFHR3 and CFHR4 expression. (F) Scatter plot showing the correlation between CFHR5 and CFHR4 expression. (G) Scatter plot showing the correlation between C3 and CFHR4 expression. (H) Scatter plot showing the correlation between CRP and CFHR4 expression.

Supplementary Figure 3 | The prognostic value of CFHR4 in HCC. (A–C) OS, DSS and PFI survival curves for white, black or African–American patients with HCC presenting high and low CFHR4 expression. (D-F) OS, DSS and PFI survival curves for patients with HCC aged > 60 years presenting with high and low CFHR4 expression. (G) OS curves for patients with stage T3 and T4 HCC presenting with high and low CFHR4 expression. (H) OS curves for patients with pathological stage III and IV HCC presenting with high and low CFHR4 expression.

Supplementary Table 1 | Characteristics of patients with HCC in TCGA.

Supplementary Table 2 | CFHR4-related DEGs.

Supplementary Table 3 | GO enrichment analysis of CFHR4.

Supplementary Table 4 | GSEA enrichment analysis of CFHR4.

Supplementary Table 5 | PPI network of CFHR4.

Supplementary Table 6 | OS of patients with HCC based on prognostic covariates.

Supplementary Table 7 | DSS patients with HCC based on prognostic covariates.

Supplementary Table 8 | PFI of patients with HCC based on prognostic covariates.
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Background

Based on molecular biomarkers, anti-angiogenic drugs in combination with programmed cell death protein 1 (PD-1) antibodies can screen the potentially beneficial populations with hepatocellular carcinoma (HCC) and predict the efficacy after treatment. Therefore, we aimed to study predictive molecular biomarkers to improve the effectiveness of immuno-targeted combination therapy for HCC.



Patients and Methods

Baseline clinical data, blood samples, and imaging data of the first evaluation after two cycles of treatment were collected for 40 patients with advanced HCC who underwent combination therapy, and then these data were compared according to the efficacy. Since 15 patients had complete hematology samples, we additionally tested the T lymphocyte subpopulations of these 15 patients and also compared them according to the efficacy. In addition, we also selected five patients who benefited the most from the combination therapy and five patients with the worst curative effect for gene detection based on survival time and efficacy evaluation. Finally, the relationship between certain clinical characteristics, laboratory indicators, specific T lymphocyte subpopulations, gene mutations and the response of immuno-targeted combination therapy for HCC was evaluated.



Results

The high levels of CD3+CD4+CD279+, CD3+CD8+CD45RO+CD62L+T lymphocytes and tumor mutational burden (TMB) were associated with good efficacy of the combination therapy (P=0.03, P<0.01 and P=0.03). The high levels of CD3+CD4+CD28+ T lymphocytes were associated with poor efficacy of the combination therapy (P=0.02). The high mutation frequency of TP53 and ARID1A appeared in the non-response cohort. In addition, amplification mutation of 11q13-CCND1, FGF3, FGF4, and FGF19 was found in a patient with hyperprogression (HP).



Conclusions

The certain clinical characteristics, laboratory indicators, specific T lymphocyte subpopulations, and gene mutations established in this paper were potential predictive biomarkers for HCC patients treated with combination therapy.
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Background

In China, hepatocellular carcinoma (HCC) ranks the top five most frequently diagnosed cancer types that have high morbidity and mortality (1). So far, immune checkpoint inhibitors (ICIs) against programmed cell death protein 1 (PD-1), cytotoxic T lymphocyte antigen-4 (CTLA-4), and so on have brought new hope for the treatment of advanced HCC, especially in combination with targeted drugs, which can significantly improve the long-term prognosis of potentially beneficial populations. The GO30140 research has shown that patients with advanced HCC can obtain a progression-free survival (PFS) of 7.3 months and overall survival (OS) of 17.1 months when using the first-line combination of atezolizumab and bevacizumab (2). Imbrave150 research has shown that the global objective response rate (ORR) of atezolizumab in combination with bevacizumab can reach 27.3% in the treatment of unresectable HCC (3). The median overall survival (mOS) reaches 19.2 months (17.0-23.7 months) (HR=0.66; 95% CI: 0.52-0.85) (4), and the mOS of the Chinese subgroup is 24 months (17.1-NE) (HR=0.53; 95% CI: 0.35-0.80) (5).

Although combination therapies have achieved significant effects on the treatment of HCC, the less than 27.3%-46% response rate of drugs and high treatment costs have greatly restricted the application of immuno-targeted combination therapy (3, 6). Therefore, it is urgently necessary to improve the efficiency of combination therapy and identify potentially beneficial populations through laboratory characteristics, hallmark T lymphocyte subsets and other features.

The Tasuku Honjo team, who won the 2018 Nobel Prize in Physiology or Medicine, has discovered PD-1 and programmed cell death ligand 1 (PD-L1) (7). The binding of PD-1 and PD-L1 plays an important role in the mechanism underlying the tumor immune escape (8, 9), suggesting that inhibiting the interaction can mediate the body’s anti-tumor activity. Since then, immunotherapy has been widely used in the field of tumor treatment.

The multi-kinase inhibitor sorafenib has become the standard treatment for HCC patients without indications for surgery since 2007 (10). However, its clinical efficacy is not satisfactory. The current emergence of anti-angiogenic drugs has broken this deadlock. A REFLECT study has reported the lenvatinib monotherapy for HCC patients, with a PFS of 7.4 months and an ORR of 24.1% (11), which is significantly higher compared with the sorafenib monotherapy (PFS of 3.7 months, ORR of 9.2%) (11).

As far as immunotherapy is concerned, the GO30140 study has shown that the ORR of atezolizumab as a single agent in advanced HCC is 17%, and the PFS is 3.4 months (1.9-5.2 months)(HR=0.55, 80% CI: 0.40-0.74 P=0.0108) (2). The Checkmate459 study has shown that when nivolumab monotherapy is used for unresectable HCC, the OS is 16.4 months (P= 0.075), PFS is 3.7 months (95%CI: 3.1-3.9), and ORR is 15% (12). The above-mentioned data all indicate that no more than 20% patients can benefit more from single PD-1 antibody treatment. A large number of research data in the past 5 years have shown that anti-angiogenic drugs in combination with PD-1 antibody therapy can further improve patient’s survival, such as Imbrave150 (3), Rescue (13), Orient-32 (14), Keynote-524 (6) and so on.

At present, clinical trials of different types of anti-angiogenic drugs and PD-1 antibodies in the treatment of HCC are actively carried out in various tumor centers. However, the relevant indicators that can predict the potentially beneficial populations of combination therapy are only reported in malignant melanoma, non-small cell lung cancer (NSCLC), and other tumor types. There is no definite evidence in the field of HCC treatment.

In the present study, we performed statistics on the clinical characteristics, laboratory indicators, multiple T lymphocyte subtypes, and gene mutations of patients with advanced HCC in clinical trials who underwent immuno-targeted combination therapy. Moreover, we aim to explore sensitive response predictors of HCC combination therapy, and analyze the relationship between predictors and the sensitivity of combination therapy.



Patients and Methods


Study Design and Participants

All specimens and relevant clinical data were obtained from the department of oncology, Drum Tower Hospital Affiliated to Medical School of Nanjing University. Baseline clinical data, blood samples, and imaging data of the first evaluation after two cycles of treatment were collected for 40 patients with advanced HCC treated with anti-angiogenic drugs in combination with PD-1 antibody. Patients started the combined treatment from May 2018. Since 15 patients had complete hematology samples, we additionally tested the T lymphocyte subpopulations. Based on the evaluation of response, the results of gene mutations of five patients each with the greatest and the worst clinical benefit were obtained. All HCC patients were confirmed by histopathology. Clinical data including the patient’s age, gender, histopathological diagnosis, tumor location and stage, lymph node metastasis, and evaluation data after combination treatment. Clinical characteristics of the patients were summarized in Table 1. Informed consent was obtained from all patients. The protocols for our study were approved by the Human Research Protective Committee of Drum Tower Hospital.


Table 1 | Baseline Demographic and Clinical Characteristics of Patients Receiving Combination Therapeutics (N =40).





Assessments

The blood sample was collected before the patients’ first treatment, focusing on the patients’ lymphocyte and neutrophil counts, and calculating the neutrophil to lymphocyte ratio (NLR). The first imaging evaluation was carried out within 28 days before the patients’ initial treatment and was repeated every two cycles after medication. The Independent Radiological Review Committee (IRRC) evaluated the response according to RECIST V1.1. Since 15 patients had complete hematological samples, their T lymphocyte subpopulations were additionally tested. The peripheral venous blood of 15 patients were collected before treatment. CD3-FITC, CD19-PE, CD16-PE CD279-PE, CD223-PE, CD366-PE, CD137-PE, CD62L-PE, CD27-PE, CD4-PerCP, CD8-PerCP, CD8-APC, CD56-APC, CD45RO-APC, CD28-APC, IgG1 k, IgG2ak were used for direct labeling and staining with multiple combinations. The T lymphocyte subpopulations were detected by flow cytometry (The data of fluorescence-activated cell sorting were list in the Supplementary Materials). The five patients who benefited the most from the combination therapy and the five patients with the worst curative effect were selected for gene detection. The samples of gene detection came from tumor tissue and hematological samples. Comprehensive genomic alteration analysis of the tumor and matched blood samples were performed with an assay panel that captured 450 cancer-related genes and selected introns of 38 genes frequently rearranged in cancer (YuansuTM, OrigiMed). The genomic profile was produced using the NGS-based YuanSuTM 450 gene panel. The genes were captured and sequenced with a mean coverage of 900× by using Illumina NextSeq 500.



Statistical Analysis

As demonstrated by the overall workflow (Figure 1), pre-treatment clinical data, blood samples and imaging data were collected for 40 patients, and then these data were compared according to the efficacy. Among them, there were 9 partial remission (PR) patients named as Group PR, 30 stable disease (SD) patients and 1 progressive disease (PD) patient named as Group SD/PD at the first evaluation. T lymphocyte subtypes were measured in 15 patients, and the effect evaluation were also compared. Among them, there were 3 patients with PR and 12 patients with SD. Finally, we conducted gene detection on 10 patients based on the response evaluation. All statistical analyses were performed using SPSS 20.0. Chi-square test was used for qualitative data and t-test was used for quantitative data. P<0.05 was considered to be statistically significant. The Kaplan-Meier method was used to estimate PFS and OS.




Figure 1 | The overall work flow of the whole study.






Results

Among 40 patients who received clinical data collection, hematological sample analysis, and imaging evaluation, 9 patients achieved PR, and 31 patients achieved SD/PD. The differences between the two cohorts were listed in Table 2A.


Table 2A | Differences in clinical data, hematology samples and imaging evaluations between the PR and SD/PD (n=40): PR (n=9), SD/PD (n=31).



NLR Although there was no significant statistical difference in NLR (2.48 ± 2.07 and 3.53 ± 2.70) (P=0.291), there was still a trend that the PR group was lower than the SD/PD group.

Metastasis Among lung metastases, the PR group accounted for 44.44%, and the SD/PD group accounted for 29.03%. Although there was no significant statistical difference, it seemed that patients with lung metastasis had a higher rate of PR.

Lymphocyte Subpopulations Among 15 patients who received flow cytometry for the detection of lymphocyte subpopulations, 3 patients achieved PR, and 12 patients achieved SD. The differences between the two cohorts were listed in Table 2B. Among them, T lymphocytes with surface molecules expressing CD3+CD4+CD279+,CD3+CD4+CD28+, CD3+CD8+CD45RO+CD62L+ showed significant statistical differences (Figure 2; P=0.030, P=0.022, P=0.004). The high expression of CD3+CD4+CD279+ and CD3+CD8+CD45RO+CD62L+ T lymphocytes indicated a good prognosis for the patient. The high expression of CD3+CD4+CD28+ T lymphocytes suggested that immuno-targeted combination therapy was not effective.


Table 2B | Differences in lymphocyte subpopulation between the PR and SD (n=15): PR (n=3), SD (n=12).






Figure 2 | T lymphocytes with surface molecules expressing CD3+CD4+CD279+ (A), CD3+CD4+CD28+ (B), CD3+CD8+CD45RO+CD62L+ (C) showed significant statistical differences (P=0.030, P=0.022, P=0.004).



Gene Mutations The OS (Figure 3A, 95% CI 0.08-0.55; p=0.025) and PFS (Figure 3B, 95% CI 0.08-0.48; p=0.014) of the patients evaluated as PR (n=9) for the first imaging assessment based on RECIST V1.1 were significantly longer than those of SD/PD patients (n=31). This suggested that the first evaluation of the efficacy could predict the long-term prognosis. So we selected the most and the least clinical benefit five patients each for gene detection and compared them based on the efficacy. The difference in gene mutation frequency between the two cohorts was shown in Figure 4A, and the difference in signal pathways was shown in Figure 4B. Among them, ARID1A and TP53 had a higher proportion in the SD/PD cohort(60% vs 0%;100% vs 40%), PI3K was enriched in the SD/PD cohort.




Figure 3 | Kaplan-Meier analysis of OS (A) and PFS (mRECIST; B).






Figure 4 | (A) difference in gene mutation rate between PR (n=5) and SD/PD (n=5), (B) difference in signaling pathway between PR (n=5) and SD/PD (n=5).



The TMB of patients was detected, and there was a significant statistical difference between the two cohorts. TMB of the PR was significantly higher than that of the SD/PD (P=0.025) (Figure 5). In addition, in a patient with hyperprogression within two months of the combination treatment, multiple gene amplification on the chromosomes of 11q13-CCND1, FGF3, FGF4, and FGF19 were found in gene sequencing.




Figure 5 | TMB showed significant statistical difference between PR and SD/PD (P=0.025).





Discussion

In terms of the current research, although immuno-targeted combination therapy has brought new hope to patients with advanced HCC, molecular biomarkers that can be applied to predict the efficacy of combination therapy are rarely systematically described due to the heterogeneity of HCC.

In this study, we preliminarily proved NLR through hematological sample analysis, CD3+CD4+CD279+ T lymphocytes, CD3+CD4+CD28+ T lymphocytes, and CD3+CD8+CD45RO+CD62L+T lymphocytes through lymphocyte subtype determination, and TP53, ARID1A, TMB, and 11q13 through genetic testing. These may be the predictive molecular biomarkers for screening effective populations for immuno-targeted combination therapy of HCC.

NLR is an inflammatory marker, which has been studied as a predictor of the efficacy of combination therapy for HCC. The median cut-off value of NLR is 4 (15). It has been confirmed that the increase in NLR has the same effect on OS in different tumor types, different sites, and different disease stages (HR=1.81, 95%CI=1.67-1.97; P <0.001), all suggesting a poor prognosis (15). Although there is no significant statistical difference in NLR in this research, there is still a trend that NLR in PR is lower compared with SD/PD. The sample size of this research is small, and the correlation between the NLR and HCC immuno-targeted combination therapy predictors still needs to be confirmed by a larger sample.

At present, only some studies believe that the detection of CD279+ (PD-1) T lymphocytes can better predict the clinical outcome of patients (16). Studies have also found that after treatment with PD-1 antibody for NSCLC, low PD-1 T lymphocytes indicate a poor prognosis (17). In addition, T cells with memory phenotypes (CD45RO+ and CD62L+) show better anti-tumor ability and better endurance both in vivo and in vitro(18), and related adoptive cell-transfer (ACT) therapy is also in the fiery research stage. In this study, the high expression of CD3+CD4+CD279+ and CD3+CD8+CD45RO+CD62L+ T lymphocytes reflects a correlation with a good prognosis. Nevertheless, whether CD279+, CD45RO+, and CD62L+ can be used as predictors of HCC combination therapy still needs further retrospective research.

CD28 is a co-stimulatory molecule expressed on the surface of activated T cells. It can promote the proliferation and differentiation T cells by binding to B7 molecules on antigen-presenting cells (APCs). Recent studies have pointed out that the efficacy of PD-1 antibody treatment is related to the proliferation of cytotoxic T lymphocytes (CTLs), and the proliferation of CTLs depends on CD28 co-stimulation (19). This finding indicates that the CD28 pathway may reverse the immuno-suppressive state. Furthermore, in lung adenocarcinoma, patients with high CD28 expression have lower disease-free survival (DFS) (20). The high expression of CD28 in the SD in our study was consistent with the above-mentioned conclusion, indicating that the high baseline status of CD28 might exhaust the ability of the co-stimulatory pathway to reverse immunosuppression, which led to the occurrence and development of tumors.

TP53 mutation is not only related to HCC staging, but also related to lower OS and recurrence-free survival (RFS) of patients (21). At present, studies have confirmed that lung cancer patients carrying TP53 or KRAS mutations have significant clinical efficacy on PD-1 antibody therapy, which can be used as a potential predictor of immunotherapy (22). In addition, ARID1A can exert a tumor suppressor effect by regulating the function of switching defective/sucrose non-fermenting (SWI/SNF) complex (23). At present, it is generally believed that the low expression of ARID1A is related to the poor prognosis of HCC (24), and patients with ARID1A mutations often get longer OS after immunotherapy (25). In this study, TP53 and ARID1A were enriched in the SD/PD cohort, and the contradictory conclusion might be attributed to the small test sample.

At present, many studies have confirmed that high TMB is related to the increased survival rate after immunotherapy for multiple tumor types. However, there is no uniform statement about the specific quantification of high TMB for different tumor types (26). The high TMB that appeared in the PR in this study was consistent with the above-mentioned statement, suggesting that it was a predictive factor for the efficacy of combination therapy for HCC.

Hyperprogression (HP) is closely related to the shortening of OS and PFS. At present, studies have found that the MDM2/MDM4 and copy number changes of several genes located on 11q13 are related to the HP of patients after treatment with ICIs (27). The 11q13 amplification mutation in hyperprogressive patients in this study was consistent with the above-mentioned conclusion, which preliminarily indicated that the immunotherapy was not effective for patients with 11q13 amplification mutation.

The above-mentioned laboratory indicators, lymphocyte subtypes, and gene mutations models might provide evidence for screening potentially beneficial populations for advanced HCC, although the number of patients in our study was not large enough. From our primary study, it was indicated that NLR, CD3+CD4+CD279+, CD3+CD4+CD28+, and CD3+CD8+CD45RO+CD62L+ T lymphocytes in peripheral blood, and the mutations of TP53, ARID1A, TMB, and 11q13 could predict the efficacy of immuno-targeted combination therapy for patients with advanced HCC. We will expand the number of samples and conduct a more in-depth exploration in future studies.
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Purpose

To assess the effectiveness and safety of drug-eluting beads transarterial chemoembolization plus immune checkpoint inhibitors (DEB-TACE+ICIs) versus chemotherapy (gemcitabine+cisplatin) for patients with unresectable intrahepatic cholangiocarcinoma (iCCA).



Materials and Methods

This retrospective study included unresectable iCCA patients treated with DEB-TACE+ICIs or chemotherapy between May, 2019 and August, 2021. The differences in tumor responses, progression-free survival (PFS), overall survival (OS), and treatment-related adverse events (TRAEs) were compared between the 2 groups. Patient baseline characteristics, PFS, and OS were compared among 2 groups before and after propensity score-matching (PSM). Factors affecting PFS and OS were analyzed by Cox’s proportional hazards regression model.



Results

The study included 49 patients with unresectable iCCA patients, 20 in the DEB-TACE+ICIs group and 29 in the chemotherapy group. PSM analysis created 20 pairs of patients in 2 groups. The patients in the DEB-TACE+ICIs group had a higher objective response rate (55.0% vs. 20.0%, P=0.022), higher PFS (median, 7.2 vs. 5.7 months, P=0.036), and higher OS (median, 13.2 vs. 7.6 months, P=0.015) than those in the chemotherapy group. Multivariate analyses suggested that chemotherapy, tumor size >5cm, and multiple tumors were the independent risk factors for PFS and OS. The incidence of TRAEs was similar between the 2 groups.



Conclusion

Compared to chemotherapy, DEB-TACE plus ICIs improved survival and was well-tolerated in patients with unresectable iCCA.





Keywords: unresectable intrahepatic cholangiocarcinoma, transarterial chemoembolization, immune checkpoint inhibitor, chemotherapy, combined therapy



Introduction

Intrahepatic cholangiocarcinoma (iCCA) is the second most common primary liver malignancy. In the last decade, its global incidence has increased from 0.44 per, 100000 to 1.18 cases per, 100000; the mortality has increased from 1.5 per, 100000 to 2.5 cases per, 100000 in men and 1.2 per, 100000 to 1.7 cases per, 100000 in women (1, 2). The iCCA patients are often asymptomatic, the disease is usually accidentally discovered, typically by imaging, when in an advanced stage; thus, most patients have a poor prognosis. The major clinical symptoms are abdominal pain, jaundice, and weight loss (3). Considering the advanced disease stage, including vascular invasiveness and distal metastasis, most iCCA (approximately 80%) patients lose their chance to undergo surgical resection and transplantation (4, 5). Moreover, even after treatment, early recurrence and metastasis are prone to occur.

The median overall survival (OS) of untreated iCCA patients has been reported to be 3 to 6 months (6, 7). Previous study has suggested that chemotherapy (gemcitabine+cisplatin) can improve the clinical outcomes for unresectable iCCA (8). However, many patients have a chemo-refractory or discontinue chemotherapy due to severe adverse reactions associated with treatment. Thus, new treatment methods have been proposed, including loco-regional therapy, biological therapy, and targeted therapy (3, 9); yet, there is still no consensus on the best therapy for unresectable iCCA.

Over the years, there has been much interest in transarterial chemoembolization (TACE) (10). However, minimal vascularity and lower drug concentration due to leakage of loading chemotherapeutic agents are the biggest challenges when treating patients with iCCA (11). Recent studies have found that drug-eluting beads transarterial chemoembolization (DEB-TACE) can enhance intratumoral drug penetration and reduce systemic side effects compared to conventional TACE (12, 13). Moreover, the OS of unresectable iCCA patients treated with DEB-TACE was 9-10 months (14–16).

Rapid advances in cancer immunotherapy using immune checkpoint inhibitors (ICIs), such as atezolizumab combined with bevacizumab, have significantly improved outcomes in unresectable hepatocellular carcinoma (HCC) compared to sorafenib (17). Recently, China Food and Drug Administration (CFDA) approved camrelizumab combined with chemotherapy (gemcitabine+cisplatin) (Gemox) as a first-line systemic treatment for advanced biliary tract cancer based on phase II study results (18), and sintilimab plus bevacizumab biosimilar (Ibi305) as a first-line systemic therapy for middle-advanced HCC based on phase II/III study results (19).

DEB-TACE is used to achieve more extensive tumor necrosis, which can induce anti-tumor immune response in patients with unresectable iCCA; yet, it may not confer long-time anti-tumor effect. However, combining DEB-TACE with ICIs may further increase the development of tumor antigen-specific memory T cells, sustaining anti-tumor responses in unresectable iCCA patients (20). Thus, the aim of current study was to examine and compare the efficacy and safety of DEB-TACE combined with immune checkpoint inhibitors (DEB-TACE+ICIs) versus chemotherapy (gemcitabine+cisplatin) for unresectable iCCA patients.



Materials and Methods


Patient Cohort

This retrospective study was performed in accordance with the principles of the Declaration of Helsinki and was approved by the ethical review committee of Sichuan Cancer Hospital. The requirement to obtain informed patient consent was waived. Clinical data of patients with unresectable iCCA who underwent DEB-TACE+ICIs or chemotherapy as first-line therapy at Sichuan Cancer Hospital between May, 2019 and August, 2021 were analyzed. Unresectable iCCA included multifocal tumors, extensive regional lymphadenopathy, distant metastases, non-reconstructable vascular involvement, or severe underlying liver parenchymal disease. Patients were initially treated with DEB-TACE plus ICIs because of the rejection of system chemotherapy.

The inclusion criteria were: 1) age between 18 and 80 years; 2) histologically or cytologically confirmed diagnosis of iCCA; 3) Eastern Cooperative Oncology Group performance score (ECOG PS) of ≤ 2; 4) Child-Pugh class ≤ 7. The exclusion criteria were: 1) with other malignancies; 2) previously received TACE, curative resection, ablation, hepatic arterial infusion chemotherapy (HAIC), other systemic treatment, or radiotherapy; 3) current or previous central nervous system metastasis; 4) mixed feature iCCA-HCC; 5) with current or previous severe cardiovascular disease or coagulation disorders; 6) incomplete clinical or imaging data.



Preoperative Evaluation

For research analysis, we collected the preoperative clinical data from the medical record systems: sex, age, ECOG PS, Child-Pugh class, carcinoembryonic antigen (CEA), carbohydrate antigen 199 (CA_199), tumor number, tumor size, extrahepatic metastasis, hematologic and biochemical indexes. Also, all patients underwent contrast-enhanced magnetic resonance imaging (MRI) or computed tomography (CT) scan one week before the first treatment.



Chemoembolization Procedure

CalliSpheres® (Jiangsu Hengrui Medicine Co. Ltd, Jiangsu, China) beads (100-300 μm) were loaded with doxorubicin (50 - 80 mg). The loading process (21) was: 1) the concentration of doxorubicin was 20 mg/ml; 2) the supernatant of CalliSpheres® beads was excluded, then beads and doxorubicin were mixed; 3) non-ionic contrast agent was added into the mixture (using a 1:1 ratio) for further application.

Before performing chemoembolization, celiac arteriography and superior mesenteric arteriography were implemented to evaluate the feeding arteries of the tumor. Then, microcatheters were used to catheterize the tumor-feeding arteries. The mixture of CalliSpheres® beads and non-ionic contrast agent were injected at the speed of 1 ml/min. The injection was completed if the stasis flow of the contrast agent was observed. If one vial of CalliSpheres® beads did not complete the chemoembolization, regular Embosphere (Biosphere Medical, Roissy en France, France) with 100-300 μm was used.

DEB-TACE was repeated “on demand” in patients with no deteriorating physical status or organ function after contrast-enhanced MRI or CT detected viable tumors during follow-up.



Immune Check Inhibitors (ICIs) and Chemotherapy Administration

Administration of ICIs was first within one week after the initiated DEB-TACE. Intravenous administration of 200 mg camrelizumab (Hengrui Medical, Suzhou, China) or sintilimab (Innovent Biologics, Suzhou, China) was conducted every 3 weeks; the administration was stopped if severe toxicity, tumor progression, or death appeared. Dose interruption, but not reduction, was allowed.

In the chemotherapy group, intravenous administration of every cycle comprised cisplatin (25mg per square meter) followed by gemcitabine (1000 mg per square meter); every drug was performed on day 1 and 8 every 21 days, first for four cycles. If there was no tumor progression at four cycles, patients could continue treatment for another 12 weeks using the same regimen. However, if patients could not tolerate the adverse reaction to therapy, discontinuation or reduction of the dose was recommended and determined by oncologists with more than 10 years of experience in the field.



Postoperative Follow-Up

All patients were regularly follow-up at intervals of 3-6 weeks after the first treatment. The follow-up included physical examination, contrast-enhanced MRI or CT of the abdomen, chest CT, laboratory tests, and other examinations. The last follow-up time was January 31, 2022.

During follow-up, DEB-TACE+ICIs or chemotherapy was stopped when intolerable toxicity, disease progression, or change in the treatment regimen occurred. The choice of follow-up treatment, such as a change in chemotherapy regimen, ICIs (chemotherapy group), radiotherapy, ablation, TACE (chemotherapy group), or optimal supportive care, was performed based on discussions between our multidisciplinary liver tumor team and the patient’s requirements.



Assessments

Tumor responses were assessed by 2 radiologists with 10 years of experience based on the modified Response Evaluation Criteria in Solid Tumors (mRECIST). Multiple tumors were defined as more than one tumor. Tumor responses were categorized as complete response (CR), partial response (PR), stable disease (SD), or progression disease (PD). The objective response rate (ORR) was defined as the proportion of patients achieving CR and PR. Disease control rate (DCR) was defined as the proportion of patients with complete, partial response, or stable disease. Tumor responses of all patients were confirmed no less than four weeks after the initial observation.

Progression-free survival (PFS) was defined as the time from the first day of inpatients to PD or death from any cause, whichever occurred first. OS was defined as the time from to the first day of inpatients to the time of death or the last follow-up date.

Adverse events (AEs) were recorded and evaluated based on the Common Terminology Criteria for Adverse Events Version 5.0.



Statistical Methods

Statistical analyses were carried out using the SPSS Statistics 25.0 (SPSS Inc., Chicago, IL, USA). The propensity score model included age, sex, tumor number (single or multiple), and tumor differentiation. The model provided a 1:1 match between the 2 groups, as previously described (22). Before and after propensity score matching (PSM), categorical data were expressed as frequency; quantitative data were expressed as mean ± standard deviation and median (range) for normally and non-normally distributed variables, respectively. To determine the significant differences between the 2 groups, continuity correction and Mann-Whitney U test, Chi-square, or Fisher exact test were used. Survival curves of PFS and OS were analyzed by the Kaplan–Meier method using the log-rank test. Univariate and multivariate analyses were used Cox’s proportional hazards regression model to determine the prognostic factors. Variables (P<0.1) in the univariate analysis were entered into the multivariable analysis to look for predictors of efficacy. A two-sided P level less 0.05 was considered statistically significant.




Results


Patient Characteristics

Totally 49 patients with unresectable iCCA were included in current study, 20 patients received DEB-TACE+ICIs and 29 patients received chemotherapy (Figure 1). In the DEB-TACE+ICIs group, 7 patients received camrelizumab, and 13 patients received sintilimab.




Figure 1 | Flow diagram of patient enrollment. iCCA, intrahepatic cholangiocarcinoma; DEB-TACE+ICIs, drug-eluting beads transarterial chemoembolization combined with immune checkpoint inhibitors; TACE, transarterial chemoembolization; HAIC, hepatic arterial infusion chemotherapy.



PD was seen in 2 patients after DEB-TACE+ICIs treatment; 1 patient received chemoradiotherapy and another patient received systemic chemotherapy. In addition, PD was observed in 5 patients after chemotherapy; 2 patients received a change of chemotherapy regimen, 1 patient received DEB-TACE+ICIs, and 2 patients received chemoradiotherapy.

Before PSM, patients in the chemotherapy group had a higher aspartate aminotransferase (AST)(P=0.035) and albumin (P=0.018) compared to those in the DEB-TACE group (Table 1). Performing PSM resulted in matched cohorts of 20 patients every group with well-balanced baseline characteristics (Table 1).


Table 1 | Baseline characteristics of patients in the two groups before and after PSM.





Tumor Response Evaluation

The PR and ORR were higher in the DEB-TACE+ICIs group than those in the chemotherapy group before PSM (PR, 50.0% vs. 13.8%, respectively, P=0.006; ORR, 55.0% vs. 13.8%, respectively, P=0.002) and after PSM (PR, 50.0% vs. 20.0%, respectively, P=0.047; ORR, 55.0% vs. 20.0%, respectively, P=0.022), and the DCR of 2 groups before and after PSM were similar (respectively, P>0.05)(Table 2).


Table 2 | Summary of response rates before and after PSM.





Survival Analysis

The median follow-up time was 7.2 months (range, 2.8-28.5 months) in this study. In addition, 55.0% (11/20) patients in the DEB-TACE group and 69% (20/29) patients in the chemotherapy group died.

Before PSM, the median PFS was higher in the DEB-TACE+ICIs group than in the chemotherapy group: 7.2 months (95% CI: 6.012–8.388) versus 5.0 months (95% CI: 2.390–7.610)(P=0.026, Figure 2a); the median OS was higher in the DEB-TACE+ICIs group than in the chemotherapy group: 13.2 months (95%: CI 4.977–21.423) versus 7.6 months (95% CI: 6.583–8.617) (P= 0.004, Figure 2b).




Figure 2 | Kaplan-Meier analyses of progression-free survival (A) and overall survival (B) in the two groups before PSM. DEB-TACE+ICIs, drug-eluting beads transarterial chemoembolization combined with immune checkpoint inhibitors; PSM, propensity score matching.



Performing PSM, the median PFS was higher in the DEB-TACE+ICIs group than in the chemotherapy group: 7.2 months (95% CI: 6.012–8.388) versus 5.7 months (95% CI: 3.056–8.344)(P=0.036, Figure 3a); the median OS was higher in the DEB-TACE+ICIs than in the chemotherapy group: 13.2 months (95% CI: 4.977–21.423) versus 7.6 months (95% CI: 6.317–8.883)(P=0.015, Figure 3b).




Figure 3 | Kaplan-Meier analyses of progression-free survival (A) and overall survival (B) in the two groups after PSM. DEB-TACE+ICIs, drug-eluting beads transarterial chemoembolization combined with immune checkpoint inhibitors; PSM, propensity score matching.





Prognostic Factors Analyses

The univariate and multivariate analyses results in the matched cohort were shown (Table 3). Cox’s proportional hazard model suggested that the treatment option (DEB-TACE+ICIs vs. chemotherapy)(hazard ratio [HR]=2.325, 95% CI: 1.135–4.764, P=0.021), tumor size (≤5cm vs. >5cm)(HR=2.749, 95% CI: 1.185-6.378, P=0.019), and tumor number (single vs. multiple)(HR=1.721, 95% CI: 0.452-3.120, P=0.045), were independent predictive factor for PFS. Furthermore, treatment option (HR=2.882, 95% CI: 1.153–7.203, P=0.024), tumor size (HR=1.961, 95% CI: 1.124–3.321, P=0.023), and tumor number (HR=1.452, 95% CI: 0.567-2.148, P=0.032) were identified as the independent predictive factor for OS (Table 3).


Table 3 | Prognostic factors associated with PFS and OS after PSM.





Safety

After PSM, the incidence of treatment-related AEs (TRAEs) in 2 groups was reported. TRAEs were observed at 92.5% (37/40), and no more than grade 4 occurred in the 2 groups (Table 4). ICIs-related AEs (irAEs) caused interruption of ICIs in 20% (4/20) of patients in the DEB-TACE+ICIs group. Moreover, TRAEs led to dose interruption and reduction of chemotherapy in 15.0% (3/20) and 15.0% (3/20) patients in the chemotherapy group, respectively.


Table 4 | Summary of TRAEs after PSM.



The frequency of TRAEs related to hematologic toxic effects, including leukopenia (10.0% vs. 40.0%, P=0.028), and neutropenia (5.0% vs. 35.0%, P=0.018), were lower in DEB-TACE group than chemotherapy group. TRAEs related to hepatic function, including increased ALT and AST, hyperbilirubinemia, and hypoalbuminemia were no significant difference between the 2 groups (respectively, P>0.05). ICIs-related AEs (irAEs) mainly included hypothyroidism and reactive cutaneous capillary endothelial proliferation (RCCEP). The incidence rate of hypothyroidism was 25% (5/20), and RCCEP was 25% (5/20).




DISCUSSION

This study suggested that DEB-TACE+ICIs improved survival in unresectable iCCA patients compared to chemotherapy. The result of median OS was increased from 6.6 months to 13.2 months, which might be related to the better ORR and PFS in patients who received DEB-TACE+ICIs compared to those treated with chemotherapy. Furthermore, multivariate analyses showed that DEB-TACE+ICIs was an independent predictor for prolonged PFS and OS. Thus, DEB-TACE+ICIs may be a good choice for unresectable iCCA who refuse systemic chemotherapy.

Previous studies (14, 23–25) have assessed unresectable iCCA patients treated with DEB-TACE and reported the median PFS was 3.0-3.9 months and OS was 10.5-12.4 months. Other studies reported that the median PFS and OS was 1.4-4.0 months and 4.3-12.7 months, respectively, in advanced biliary tract cancer patients treated with ICIs alone (26–29). Moreover, Chen et al. recently reported that the median PFS and OS was 6.1 months and 11.8 months, respectively, in advanced biliary tract cancer patients treated with camrelizumab plus Gemox (18). In current study, the median PFS and OS was 7.2 months and 13.2 months, respectively, in unresectable iCCA patients treated with DEB-TACE plus ICIs, which showed that DEB-TACE+ICIs might be an appropriate treatment plan in patients with unresectable iCCA. DEB-TACE is based on the administration of drug-eluting beads intra-arterially via catheter, which leads to local tumor necrosis, subsequently eliciting an anti-cancer immune response that may be further boosted with ICIs (11, 20). Liao et al. examined the effect of DEB-TACE on cellular immune function and regulatory T cells in patients with HCC and found that DEB-TACE can stimulate the cytokine spectrum and increase CD4+ and CD8+ T cells in PBMCs of HCC patients while reducing the Treg cell population (30). Moreover, Lee et al. found that DEB-TACE can change the Th1/Th2 balance in the tumor microenvironment (TME) in patients with HCC, thus improving survival (31). To sum up, DEB-TACE+ICIs may produce synergistic antitumor activity and contribute to improved survival.

In this study, the presence of tumor size >5cm or multiple tumors was identified as an independent risk factor for PFS and OS, which was consistent with previous studies (2, 14, 15, 32). DEB-TACE can enhance intratumoral concentration and release loaded chemotherapeutic agents in a controlled manner, further enhancing necrosis and leading to increase tumor response in iCCA patients (16). In addition, multiple tumors are easier to embolize by DEB-TACE, which results in a favorable prognosis of iCCA patients (16).

There were no new or unexpected TRAEs observed in current study. All the TRAEs were well-tolerated and consistent with previous reports (7, 15, 18, 19). The incidence of chemotherapy-related AEs (hematologic toxic effects) was higher in the chemotherapy group than in the DEB-TACE+ICIs group. The irAEs showed that RCCEP (25.0%) was lower than the result in a previous study (62%) (18), and hypothyroidism was consistent with a previous study (33). After receiving thyroxine or glucocorticoid, the irAEs were recovered within 2 weeks. These results suggested that DEB-TACE+ICIs did not increase the risk of TRAEs over chemotherapy, which showed that DEB-TACE+ICIs was safe.

There were some limitations in current study. Firstly, current study was a retrospective analysis, which might be subject to the impact of selection biases. We implemented the PSM model to resolve the effect result in confounding factors. A randomized clinical trial is required to validate the findings from this study. Secondly, these variables (including subgroup analysis) were not analyzed in current study due to the small sample size. Finally, we did not evaluate programmed cell death-Ligand 1 (PD-L1), mismatch repair protein (MMR) deficiency, and microsatellite instability-high (MSI-H) status before using ICIs.

In conclusion, DEB-TACE plus ICIs improved PFS and OS compared to chemotherapy with well tolerated in patients with unresectable iCCA.
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Introduction

Hepatocellular carcinoma (HCC) ranks fourth as the most common cause of cancer-related death. It is vital to identify the mechanism of progression and predict the prognosis for patients with HCC. Previous studies have found that cancer-associated fibroblasts (CAFs) promote tumor proliferation and immune exclusion. However, the information about CAF-related genes is still elusive.



Methods

The data were obtained from The Cancer Genome Atlas, International Cancer Genome Consortium, and Gene Expression Omnibus databases. On the basis of single-cell transcriptome and ligand–receptor interaction analysis, CAF-related genes were selected. By performing Cox regression and random forest, we filtered 12 CAF-related prognostic genes for the construction of the ANN model based on the CAF activation score (CAS). Then, functional, immune, mutational, and clinical analyses were performed.



Results

We constructed a novel ANN prognostic model based on 12 CAF-related prognostic genes. Cancer-related pathways were enriched, and higher activated cell crosstalk was identified in high-CAS samples. High immune activity was observed in high-CAS samples. We detected three differentially mutated genes (NBEA, RYR2, and FRAS1) between high- and low-CAS samples. In clinical analyses, we constructed a nomogram to predict the prognosis of patients with HCC. 5-Fluorouracil had higher sensitivity in high-CAS samples than in low-CAS samples. Moreover, some small-molecule drugs and the immune response were predicted.



Conclusion

We constructed a novel ANN model based on CAF-related genes. We revealed information about the ANN model through functional, mutational, immune, and clinical analyses.
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Introduction

According to epidemiologic data, hepatocellular carcinoma (HCC) accounts for more than 80% of primary liver cancers and is the fourth most common cause of cancer-related death worldwide (1, 2). To our knowledge, the treatment options are limited for patients with advanced HCC (3). Thus, it is important to understand the mechanism of the progression of HCC and predict the survival rate and novel small-molecule drugs for patients with HCC.

In the tumor microenvironment (TME), the crosstalk between tumorigenic cells and fibroblasts may be the cause of the emergence of hyperactive fibroblasts, which are called cancer-associated fibroblasts (CAFs) (4). CAFs have been verified to be tumor-promoting components that can secrete growth factors, inflammatory ligands, and extracellular matrix (ECM) proteins to promote tumor proliferation and immune exclusion (5).

The artificial neural network (ANN), which was introduced in the 1950s, is a machine learning technique inspired by the human neuronal synapse system (6). Previous studies have verified that the ANN model has a better predictive capacity than the logistic Cox regression model (7). Thus, the ANN model has been widely applied in the biochemical and medical fields (8, 9).

In our study, we performed not only single-cell transcriptome analysis of HCC but also ligand–receptor interactions to determine CAF-related genes. Through Cox regression and random forest analyses, we filtered 12 CAF-related prognostic genes, which were recruited to construct a prognostic ANN model. We further performed functional, immune, mutational, and clinical analyses to estimate the constructed ANN model thoroughly.



Methods


Data Preparation

The transcriptome RNA sequencing data, Illumina human methylation 450 cohort, copy number variation (CNV), and the corresponding related data of HCC were extracted from The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/) (including 340 patients) and the International Cancer Genome Consortium (ICGC) data portal (https://dcc.icgc.org) (including 226 patients). The GSE76427 cohort was downloaded from the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) (including 115 patients). Patients with complete clinical information (stage, follow-up information, age, and gender) were selected for this study. Otherwise, the patients who did not meet the criteria were excluded.



Single-Cell Transcriptome Analysis

The expression profiling of single-cell RNA sequence GSE151530 (10X Genomics), which contained 46 HCC samples, was obtained from the GEO database (10). We used the R package “Seurat” to analyze the single-cell RNA sequence data. We collected 47,822 cells for further analyses. The data were normalized by using “NormalizeData” and “ScaleData” from the “Seurat” R package. We divided the cells into six subclusters based on the annotation in GSE151530. The R package “monocle” was used to perform single-cell trajectory analysis (11). The cells were filtered with the following conditions: a) num_cells_expressed ≥ 10 and b) min_expr = 0.1. Subsequently, the top 1,500 variable genes were selected to perform a single-cell trajectory analysis. The R package “monocle” was used to visualize the trajectory.



Cell Communication Analyses

The R package “Cellphonedb” was utilized to speculate the ligand–receptor pairs (P < 0.05) by Python. The crosstalk of ligand–receptor pairs between CAFs and other subclusters, as well as the activated pathways of cell communication, were analyzed by the R package “cellchat”.



Functional Analyses

The gene annotation and analysis resource Metascape (https://metascape.org) was used for the enrichment analysis. After we obtained the differentially expressed genes, we performed gene ontology (GO) analyses by using Metascape. We used the gene enrichment analysis (GSEA) (4.1.0) application to obtain the enrichment pathways in high- and low–CAF activation score (CAS) samples. To analyze the functional enrichment of tumor-infiltrating immune cells (TICs), we calculated the relative abundance of immune cells in each sample by using the R package “cibersortR”. We obtained the immune-related pathways from a previous article (12). Angiogenesis, the T effector/IFN response, checkpoint, myeloid inflammation, epithelial-mesenchymal transition (EMT), and hypoxia were identified in previously published articles (13–15). The CTA, neoantigen, and proliferation scores were obtained in a previous article (16). Then, we performed ssGSEA to assess the enrichment score of samples by using the R package “gsva”.



Mutational Analyses

We extracted the mutation data of HCC from the TCGA database by the R package “TCGAbiolinks”. The mutation data were further analyzed, and the mutational landscape and lollipop chart were illustrated by the R package “maftools”.



Construction of a CAF-Related Prognostic ANN Model

We constructed and trained the ANN in the TCGA dataset by using the R package “survivalmodels” (https://cran.r-project.org/web/packages/survivalmodels/). The clinical data of HCC were extracted, and we performed univariate and multivariate Cox regression analyses by the R package “survival”. As a result, we obtained 14 candidates. Then, we performed a random forest (ntree = 1,000) to further filter our candidates. Finally, the R package “survivalmodel” was used to construct the ANN model. Twelve CAF-related prognostic genes were selected and input into the input layer. The activation function was ReLU in three hidden layers. The loss function was the negative log partial likelihood under the Cox PH model. The dropout parameter was used to avoid overfitting. We performed a 1,000 iteration random search using the adam optimizer utilizing “mlr3” packages to tune these hyperparameters. The CAS was calculated on the basis of Cox regression.



Validation of the Constructed CAF-Related Prognostic ANN Model

The TCGA dataset was set as the training cohort, whereas ICGC and GSE76427 were used as the testing cohorts. The concordance index (C-index) was calculated using the R package “Pec”. The heatmap was illustrated by the R package “pheatmap”. The area under the curve (AUC) was calculated by using the R package “timeROC”. We performed Kaplan–Meier analyses in the three cohorts using the R package “survival”.



Prediction of the Sensitivity of Chemotherapeutic Drugs and Exploration of Novel Small-Molecule Drugs

The Genomics of Drug Sensitivity in Cancer (GDSC) database (www.cancerRxgene.org), where we can obtain drug response data and genomic markers of sensitivity, was used to predict the sensitivity of four common chemotherapeutic drugs in the high- and low-CAS samples. We performed a ridge regression analysis to determine the half-maximal inhibitory concentration (IC50) by using the R package “pRRophetic”. To predict novel small-molecule drugs, we introduced two online databases: a) the Cancer Therapeutics Response Portal (CTRP) 2.0 database (http://portals.broadinstitute.org/ctrp/), which includes sensitivity data of 481 small-molecule compounds in 860 cancer cell lines (CCLs); and b) the Profiling Relative Inhibition Simultaneously in Mixtures (PRISM) database (https://www.theprismlab.org/), with which we can screen thousands of drugs in hundreds of human CCLs. The AUC is a standard value for the evaluation of drug sensitivity. A lower AUC value represents better drug sensitivity. In addition, the differentially expressed genes between high- and low-CAS samples of HCC were potential therapeutic targets. Thus, we detected potential drugs that targeted the genes and illustrated the corresponding mechanism of action (MoA) by using the online database ConnectivityMap (cMap) (https://clue.io/).



Prediction of the Immunotherapeutic Response

We introduced the online database Tumor Immune Dysfunction and Exclusion (TIDE) (http://tide.dfci.harvard.edu) (17), which is a popular enrichment algorithm extensively used in cancer-related studies (18–20). We extracted the response to the treatment against PD-1 and CTLA4 in 47 patients (21) to predict the immunotherapeutic response between patients with HCC with high and low CAS based on subclass mapping (https://cloud.genepattern.org/gp/).



Statistical Analyses

R software (version 4.0.4) was used to analyze statistical data and construct images. We used the Wilcoxon test to analyze the differences between the two groups. The difference in proportions was analyzed by the chi-squared test. A P-value < 0.05 was considered to be statistically significant. All correlation analyses were performed by Pearson’s correlation. The heatmap in our study was generated by the R package “pheatmap”. Univariate and multivariate Cox regression analyses were performed by the R package “survival”. The nomogram was built by using the R package “RMS”. The calibration curves and AUCs were obtained by the R packages “rms” and “survivalROC”. The 1-, 3-, and 5-year decision curve analysis (DCA) was performed by using the R package “rmda”. *P < 0.05, **P < 0.01, and ***P < 0.001.




Results


Single-Cell Transcriptome Analysis of HCC and the Functional Enrichment of CAF-Related Genes

Six subclusters of single cells, including malignant cells, B and T cells, tumor-associated macrophages (TAMs), tumor-associated endothelial cells (TECs), and cancer-associated fibroblasts (CAFs), were split and illustrated by performing a uniform manifold approximation and projection (UMAP) plot (Figure 1A). Then, we used Monocle 2 to perform pseudotime analysis, which is a great approach to study lineage specification and hierarchize molecular events (22). We noticed that CAFs, which we were most interested in, were present at the end of the differentiation trajectory (Figure 1B). Furthermore, we performed the ligand–receptor interaction network among six subclusters (Figure 1C) and extracted the number of ligand–receptor pairs between CAFs and other subclusters (Figure 1D). We demonstrated that CAFs and TECs had the most ligand–receptor pairs, followed by CAFs and TAMs. Subsequently, we performed ligand–receptor interactions between CAFs and other subclusters (Figure 1E). Genes that were significantly related to CAFs were chosen for further analysis. Functional enrichment analysis of the CAF-related genes was performed by the online enrichment analysis tool Matascape in a bar graph (Figure 1F) and corresponding network (Figure 1G). Tumor-associated pathways were enriched, such as the PI3K-Akt-mTOR signaling pathway, blood vessel development, signaling by receptor tyrosine kinases, and positive regulation of cell migration.




Figure 1 | Single-cell transcriptome analysis and the function of CAF-related genes. (A) The six cell subclusters are shown. (B) Pseudotime analysis of six cell subclusters was performed. (C) The ligand–receptor interaction network among six subclusters is shown. (D) The number of ligand–receptor pairs between CAFs and other subclusters is shown. (E) The specific ligand–receptor pair between CAFs and other subclusters is shown. (F) Enrichment analysis of the differentially expressed CAF-related genes. (G) The corresponding network of the enrichment analysis of the differentially expressed CAF-related genes.





Twelve CAF-Related Genes Were Identified as a Predictive Model in HCC

We performed univariate Cox regression analysis to further screen CAF-related prognostic genes in the TCGA dataset. As a result, 14 genes were selected (Figure 2A). To further obtain the strictest model, we performed random forest analysis and filtered the candidate genes. Finally, 12 CAF-related genes with variable importance values greater than 0 were selected as a prognostic model for patients with HCC (Figure 2B). Then, we performed the mutational landscape of 12 CAF-related prognostic genes (Figure 2C). We demonstrated that HGF had the highest mutation (24%), followed by CD44 (12%) and CSF1 and NRP1 (6%). The highest type of mutation was a missense mutation. Moreover, we summarized the mutation analysis results (Figure 2D). The most common variant and variant type were missense mutation and single-nucleotide polymorphisms (SNPs), respectively. The number of single-nucleotide variants (SNVs) showed that the cytosine (C) to adenine (A) mutation was the most frequent mutation. The median variant per sample was 1. Moreover, we listed the top 10 mutated genes for further analysis. Subsequently, we performed a CNV analysis of 12 CAF-related prognostic genes in the TCGA dataset (Figure 2E), and we found that EFNA4 had the highest CNV gain mutation, whereas CSF1 had the highest CNV loss mutation. Then, we constructed a circle plot to exhibit the correlation among 12 CAF-related prognostic genes (Figure 2F). The 12 CAF-related prognostic genes were all risk factors and had strong positive correlations with a P-value less than 0.0001.




Figure 2 | Identification of 12 CAF-related prognostic genes. (A) Univariate Cox regression of CAF-related genes. (B) Random forest analysis of the candidate CAF-related prognostic genes. (C) The mutational landscape of 12 CAF-related prognostic genes. (D) Summary of the mutational analysis including variant classification, variant type, SNV class, variants per sample, variant classification summary, and the top 10 mutated genes. (E) The CNV status in 12 CAF-related prognostic genes. (F) Univariate Cox regression analysis and Pearson’s correlation of the 12 CAF-related prognostic genes.





An ANN Prognostic Model Was Created on the Basis of 12 CAF-Related Prognostic Genes

We constructed an ANN model based on the 12 selected CAF-related prognostic genes in the TCGA dataset. A schematic diagram is shown in Figure 3A. Twelve CAF-related genes were input into the input layer. The hyperparameters of the networks were as follows: a) three hidden layers; b) 35, 27, and 19 nodes in each layer; c) dropout rate = 0.286; d) learning rate = 0.4621984; and e) weight decay = 0.3156897. As a result, we obtained the output data. The output layer included one neuron and the CAS was calculated by performing Cox regression. To assess the prediction capacity, we introduced the C-index. We demonstrated that the C-index was higher in the ANN model than in the Cox model. Moreover, the C-index was satisfactory in the ICGC and GSE76427 datasets (Figure 3B). By performing AUC analysis, we obtained the same result that the ANN model was better than the Cox model (Figure 3C). Subsequently, the CAS of each sample was calculated in the TCGA dataset (Figure 3D), and patients with high CAS had a worse survival status, and vice versa. The result was confirmed in the ICGC and GSE76427 datasets (Supplementary Figures 1A, B). By performing Kaplan–Meier analysis in the TCGA dataset, we revealed that patients with HCC with high CAS had shorter overall survival (P = 0.0065) (Figure 3E). The result was verified in the ICGC and GSE76427 datasets (Supplementary Figures 1C, D), and the P-value was 0.016 in both datasets. To evaluate the accuracy of our ANN model, we performed ROC analysis in the TCGA, ICGC, and GSE76427 datasets. We illustrated that the 1-, 3-, and 5-year AUCs were more than 0.6 in the TCGA dataset (Figure 3F), which revealed that our ANN model was an accurate prognostic model. The result was also confirmed in the ICGC and GSE76427 datasets with an AUC less than 0.6 (Supplementary Figures 1E, F).




Figure 3 | Construction of the ANN model. (A) The schematic diagram of the constructed ANN model. (B) Detection of the C-index of the ANN, traditional Cox model, ICGC, and GSE76427. (C) AUC analyses of the constructed ANN model compared to the traditional Cox model and other parameters. (D) The CAS and corresponding survival status in each sample in the TCGA dataset. (E) Kaplan–Meier analysis of high- and low-CAS samples in the TCGA dataset. (F) ROC analysis of the ANN model in 1-, 3-, and 5-year survival prediction in the TCGA dataset.



We performed univariate Cox regression subgroup analyses of the CAS in three datasets (TCGA, ICGC, and GSE76427). In the TCGA dataset, stage I, female, and age < 60 were considered the risk factors (Supplementary Figure 2A). In the ICGC dataset, stage III, stage IV, female, male, and age < 70 were regarded as the risk factors (Supplementary Figure 2B). In GSE76427, stage II and male were considered to be the risk factors (Supplementary Figure 2C).



A Nomogram Was Constructed Based on our CAF-Related ANN Model

To evaluate whether our ANN model could act as an independent prognostic marker, we performed univariate and multivariate Cox regression analyses in three cohorts (TCGA, ICGC, and GSE76427) (Figures 4A, B). According to the univariate and multivariate Cox regression, the CAS of our ANN model was significantly associated with low overall survival in the three cohorts, which revealed that our constructed ANN model could act as an independent prognostic marker for patients with HCC. Thus, we built a nomogram based on the CAS to predict the 1-, 3-, and 5-year overall survival for patients with HCC (Figure 4C). For instance, a 60-year-old (20 points) male (3 points) patient with HCC with stage III (51 points) and −5 CAS values (40 points) received a total of 114 points, and the 1-, 3-, and 5-year survival rates of this patient were approximately 69%, 42%, and 25%, respectively. Then, we built calibration curves for assessing predicted risk versus observed risk (Figure 4D). The 1-, 3-, and 5-year calibration curves showed a great capacity for prediction. In addition, we calculated the AUC of our nomogram (Figure 4E), which indicated that the nomogram had the highest AUC compared to a single parameter. Finally, we performed 1-, 3-, and 5-year DCA to assess whether our constructed model was worth utilizing (Figure 4F). The results illustrated that our nomogram was acceptable for patients with HCC.




Figure 4 | Creation of a nomogram for patients with HCC. (A) Univariate Cox regression in TCGA, ICGC, and GSE75427 cohorts. (B) Multivariate Cox regression in TCGA, ICGC, and GSE75427 cohorts. (C) Constructed nomogram based on CAS. (D) One-, 3-, and 5-year calibration curves were generated. (E) AUC analysis between the constructed nomogram and parameters was performed. (F) One-, 3-, and 5-year DCA was performed.





Enrichment Analysis of the Constructed CAF-Related ANN Model

We obtained the differentially expressed genes between high- and low-CAS samples and input the genes into Metascape, which is the online enrichment analysis tool. The significantly enriched terms in the high-CAS group are shown (Figure 5A). The top five items were matrix metalloproteinases, response to hexose, regulation of membrane potential, benzene-containing compound metabolic process, and steroid catabolic process. Moreover, the significantly enriched terms in the low-CAS group are shown (Figure 5B). The top five items were core matrisome, ECM organization, matrisome associated, proteoglycans, and cellular response to growth factor stimulus. In addition, we performed GSEA to explore the enriched pathways in high- and low-CAS samples (Figures 5C, D). We observed that ABC transporters, antigen processing and presentation, natural killer cell–mediated cytotoxicity, Nod-like receptor signaling pathway, and Toll-like receptor signaling pathway were enriched in the low-CAS group, whereas calcium signaling pathway, ECM receptor interaction, Notch signaling pathway, ribosome, and Vascular endothelial growth factor (VEGF) signaling pathway were enriched in the high-CAS samples. Then, according to the median expression of CAF-related genes, we divided the samples into two subgroups (high and low groups) and determined that the high groups had higher activated cell crosstalk than the low groups (Figure 5E). We summarized the significant crosstalk pathways, which indicated that the high group could activate most pathways (Figure 5F). Furthermore, we illustrated some specific pathways. On the one hand, the high group could send the signal from the  Macrophage migration inhibitory factor (MIF) signaling pathway (CD74-CXCR4) (Supplementary Figure 3A), VEGF signaling pathway (VEGFA-VEGFR1) (Supplementary Figure 3B), PROS signaling pathway (PROS1-AXL) (Supplementary Figure 3C), and GDF signaling pathway (GDF15-TGFBR2) (Supplementary Figure 3D). On the other hand, the high group could receive signals from the Epidermal growth factor (EGF) signaling pathway (HBEGF-EGFR) (Supplementary Figure 3E) and Tumor necrosis factor-like weak inducer of apoptosis (TWEAK) signaling pathway (TNFSF12-TNFRSF12A) (Supplementary Figure 3F).




Figure 5 | Functional analyses of our constructed ANN model. (A) GO analysis of differentially expressed genes in high-CAS samples was performed in Metascape. (B) GO analysis of differentially expressed genes in low-CAS samples was performed in Metascape. (C) Five KEGG pathways were enriched in the low-CAS samples by performing GSEA. (D) Five KEGG pathways were enriched in high-CAS samples by performing GSEA. (E) Summary of the crosstalk of the subclusters. (F) Outgoing and incoming signaling of high- and low-CAS samples as well as other cell subclusters. (G) A heatmap illustrating the expression and the correlation between CAS and the pathways of interest.



In addition, we analyzed some pathways of interest (Figure 5G). We illustrated that T cell coinhibition, angiogenesis, and Major histocompatibility complex class I were significantly upregulated in high-CAS samples. However, the type II Interferon (IFN) response pathway was significantly enriched in low-CAS samples. Moreover, the correlation between CAS and pathways is shown in the right panel. We found that T cell coinhibition had the most significantly positive correlation with CAS.



Immune Analysis of the Constructed CAF-Related ANN Model

The 22 TICs were divided into four groups based on the risk or protective factors with or without significance, and we also performed correlation analysis (Figure 6A). We demonstrated that M0 macrophages and activated dendritic cells were risk factors, whereas resting memory CD4 T cells were protective factors. We detected some positive or negative correlations among 22 TICs. Then, we illustrated a heatmap to analyze the TME and tumor purity and the expression of TICs and immunocompetence (Figure 6B). The immune and ESTIMATE scores were significantly higher in high-CAS samples and had a positive correlation with CAS. Activated memory CD4 T cells, follicular helper T cells, and neutrophils were highly expressed in high-CAS samples, whereas regulatory T cells and resting memory CD4 T cells were highly expressed in low-CAS samples, and CD8 T cells were highly regulated in patients with low CAS. To evaluate immunocompetence, we included immune checkpoints (CD274, CTLA4, HAVCR2, IDO1, LAG3, and PDCD1) and immunocompetence (CD8A, CXCL10, CXCL9, GZMA, GZMB, IFNG, PRF1, TBX2, and TNF) (23, 24). We found that the checkpoints CTLA4, IDO1, and CD274 were highly expressed in high-CAS samples, whereas TBX2 was significantly highly expressed in low-CAS samples. Furthermore, we performed a multi-omics analysis of 75 immunomodulators between high- and low-CAS samples. We included 14 antigen presentation factors, three co-stimulators, eight co-inhibitors, 22 ligands, 19 receptors, three cell adhesion factors, and six other factors (Figure 6C). We detected mRNA expression, frequency of mutation, amplification, and deletion, as well as the gene expression correlated with the DNA methylation beta value between high- and low-CAS samples. Finally, we detected cancer-testis antigen (CTA) (Figure 6D), neoantigens (Figure 6E), and proliferation (Figure 6F) scores between high- and low-CAS samples. The CTA score can increase the speed of tumorigenesis, against apoptosis, and enhance proliferation. We uncovered that high-CAS samples had higher CTA scores, neoantigen expression, and proliferation capacity. Through correlation analysis, we demonstrated a significantly positive correlation between CAS and the CTA score (P = 0.03), neoantigens (P = 0.0014), and proliferation (P= 0.044).




Figure 6 | Immune analyses of the constructed ANN model. (A) Cox regression and Pearson’s correlation analysis of 22 TICs. (B) The expression and Pearson’s correlation of immune, ESTIMATE, stromal score, tumor purity, TICs, checkpoints, and immunocompetences of each sample are illustrated in a heatmap. (C) Multi-omics analysis of 75 immunomodulators between high- and low-CAS samples. (D) The Pearson’s correlation between the CTA score and CAS and the expression of the CTA score in high- and low-CAS samples. (E) The Pearson’s correlation between neoantigens and CAS, and the expression of neoantigens in high- and low-CAS samples. (F) The Pearson’s correlation between proliferation and CAS, and the expression of proliferation in high- and low-CAS samples.





Mutational Analysis of the Constructed CAF-Related ANN Model

We performed mutational analysis between low and high-CAS samples. First, we detected all mutation counts: non-synonymous and synonymous mutation counts (Figure 7A). Unfortunately, we did not detect any significance between the two groups. In addition, we filtered 26 genes whose mutation counts were more than 15 and subsequently illustrated a mutational landscape in high- and low-CAS samples (Figure 7B). The most frequently mutated gene in high-CAS samples was TP53 (33%), followed by CTNNB1 (25%) and TTN (24%). In comparison, the most frequently mutated gene in low-CAS samples was CTNNB1 (25%), followed by TTN (25%) and TP53 (23%). To determine differentially mutated genes between high- and low-CAS samples, we generated a forest plot (Figure 7C). The mutation counts of NBEA and FRAS1 were higher in high-CAS samples, whereas RYR2 had more mutation counts in low-CAS samples. Furthermore, we noticed that TP53 had the highest percentage of mutation counts in high-CAS samples. Thus, we generated a lollipop chart of TP53 to exhibit the mutation frequency and the types of mutation in high- and low-CAS samples (Figure 7D). After that, we generated a bar graph to illustrate the frequency of amplification and deletion of each arm in high- and low-CAS samples (Figure 7E). We demonstrated that the frequency of amplification in arms 1p, 12p, and 20q was significantly higher in high-CAS samples. However, in low-CAS samples, arms 10q and 10p showed a higher frequency of amplification. The frequency of deletion in arms 20q and 20p was significantly higher in low-CAS samples and lower in arm 1q compared to high-CAS samples. By performing correlation analysis between CAS and the frequency of amplification/deletion, unfortunately, we did not detect significance not only in the correlation but also in the frequency of mutation between high- and low-CAS samples.




Figure 7 | Mutational analyses of the constructed ANN model. (A) The Pearson’s correlation analysis between CAS and all mutation, non-synonymous mutation and synonymous mutation counts, and the counts of all mutation, non-synonymous mutation and synonymous mutation in high- and low-CAS samples. (B) Landscape of the 26 mutated genes that had more than 15 mutation counts in high-CAS samples (25) and low-CAS samples (lower). (C) Differentially mutated genes between high- and low-CAS samples. (D) A lollipop chart illustrates the location and the type of mutation in TP53. (E) The amplification and deletion frequency in each arm between high- and low-CAS samples. (F) The Pearson’s correlation between CAFs and amplification/deletion, and the frequency of amplification/deletion in high- and low-CAS samples. *P-value < 0.05; **P-value < 0.01; NS: No Significance.





The Constructed CAF-Related ANN Model Guides Clinical Treatment

To our knowledge, one of the main treatments for HCC is chemotherapy, which includes 5-fluorouracil, cisplatin, gemcitabine, and doxorubicin. Thus, we predicted the sensitivity of the chemotherapeutic drugs between high- and low-CAS samples in the TCGA dataset (Figure 8A). We found that three drugs (5-fluorouracil, cisplatin, and gemcitabine) had more sensitivity in high-CAS samples than in low-CAS samples (P-value = 0.00063, 0.018, and 0.00045, respectively). We also detected the estimated IC50 between high- and low-CAS samples in the ICGC and GSE76427 datasets (Supplementary Figures 4A, B). 5-Fluorouracil, which was confirmed in three datasets, had higher sensitivity in high-CAS samples than in low-CAS samples. In addition, we predicted small-molecule drugs by using the CTRP and PRISM databases (Figure 8B). Brefeldin A, SR-II-138A, CR-1-31B, BRD-K97651142, KX2-391, and tosedostat were negatively correlated with the CAS, and the estimated AUC value was lower in high-CAS samples. The results indicated that the predicted small-molecule drugs had higher sensitivity in patients with high CAS. In addition, the immune response against PD1 and CTLA4 was predicted by using subclass mapping in the TCGA dataset (Figure 8C). We found that the immune response against PD1 was significant in patients with high CAS (P = 0.001). This result was confirmed in ICGC and GSE76427 datasets (P = 0.006 and 0.038) (Supplementary Figures 4C, D). Then, the total immune response was detected between high- and low-CAS samples by using the TIDE algorithm (Figure 8D). The results indicated that the patients with high CAS had a better immune response (P = 0.018). The result was also confirmed in the ICGC and GSE76427 datasets (Supplementary Figures 4E, F). Finally, other potential small molecular drugs and the corresponding mechanisms were illustrated by performing MoA analysis (Supplementary Figure 5).




Figure 8 | Prediction of drug and immune response. (A) The estimated IC50 of four common chemotherapeutic drugs in high- and low-CAS samples. (B) The prediction and the estimated AUC value of small-molecule drugs in the CTRP 2.0 and PRISM databases. (C) The immune response against PD1 and CTLA4 in patients with high and low CAS. (D) The total immune response in patients with high and low CAS. *P-value < 0.05; **P-value < 0.01; ***P-value < 0.001.






Discussion

In our study, we first identified 12 CAF-related genes by performing single-cell transcriptome, ligand–receptor interaction, Cox regression, and random forest analyses. A novel ANN model was then constructed, and the CAS of each sample was obtained. By performing functional analysis, we demonstrated that some cancer-related pathways and activated cell crosstalk pathways were enriched in high-CAS samples. In addition, we detected higher immunogenicity in high-CAS samples by performing an immune analysis. By illustrating the mutational landscape, we recovered significantly mutated genes between high- and low-CAS samples. Furthermore, a CAS-based nomogram was constructed for patients with HCC. The common chemotherapeutic drug 5-fluorouracil had been verified to have higher sensitivity in high-CAS samples in three cohorts. We also predicted some small-molecule drugs. Finally, we revealed that the immune response was better in high-CAS samples than in low-CAS samples.

We utilized the ANN model instead of the traditional Cox regression model. Here, we pointed out that the regression models have some limitations; for instance, the regression models are based on the presumption that all the data are linear, which is not always true in most biological situations (26). One of the advantages of the ANN model was that it can learn with experience and adapt to the error rate even in the situation that the validation cohorts were different from the derivation cohort, whereas the regression models can only fix within the parameters of the original derivation cohort. Another advantage is that the ANN model can handle large amounts of data (7). Thus, the ANN model was suitable for predicting the prognosis of patients.

We noticed that some cancer-related pathways, including the NOTCH signaling pathway and VEGF signaling pathway, were enriched in high-CAS samples. Interestingly, VEGF signaling was also activated in the high expression group in the cell communication analysis. Furthermore, according to the heatmap of the pathways of interest, we noticed that angiogenesis was enriched in high-CAS samples and positively correlated with CAS. The results demonstrated that the constructed ANN model was positively correlated with cancer progression and aggressive angiogenesis progression. One previous study revealed that CAFs promoted angiogenesis in HCC via the VEGF-mediated EZH2/VASH1 pathway (27). Another study indicated that CAFs promoted cancer invasion and the key function of CAFs was to drive vasculogenesis and angiogenesis (28). Thus, anti-VEGF therapy might become a potential method for patients with HCC with high CAS. In addition, we recovered that the type II IFN (IFN-γ) response pathway was enriched in low-CAS samples. A previous study revealed that IFN-γ was a vital factor in tumor cell elimination (29), and this finding was supported by experiments using a mouse model (30).

According to the heatmap, the immune score and ESTIMATE score were significantly higher in high-CAS samples, revealing that our ANN model was associated with immune regulation. In addition, memory CD4+ T cells undergo fast expansion and cause a more effective and faster immune response (31). Follicular helper T cells are a subset of CD4+ cells that play a critical role in the immune and effector response functions of T cells (32). In our study, we demonstrated that activated memory CD4+ T cells and follicular helper T cells were highly expressed in high-CAS samples and had a positive correlation with CAS, which indicated that high-CAS samples had a better immune response than low-CAS samples. Studies have found that neutrophils are involved in the different stages of the oncogenic process, including tumor initiation, growth, proliferation, and metastatic spreading (33, 34). The expression of neutrophils was significantly higher in high-CAS samples, and the result was consistent with previous studies. Moreover, the immune checkpoints CTLA4, IDO1, and CD274 were increased in the high-CAS samples. Previous studies have pointed out that checkpoints are key players in cancer development and immunotherapy (35). Thus, blocking the expression of CTLA4, IDO1, and CD274 may be a novel target for the immune treatment of HCC. The CTA, neoantigen, and proliferation scores were positively correlated with CAS, which was consistent with our results.

By performing mutational analysis, we revealed that patients with high CAS had a higher mutational frequency of NBEA and FRAS1 and a lower mutational frequency of RYR2. NBEA has been certified as a novel tumor suppressor gene, and mutation of NBEA can cause poor outcomes in multiple myeloma (36). Previous research found that RYR2 mutation was significantly associated with better clinical prognosis (37) and reduced the risk of development (38) in breast cancer. In addition, the RYR2 mutation correlated with better prognosis was involved in the immune response and enhanced antitumor immunity in esophageal adenocarcinoma (18). FRAS1 was found to have a high mutational frequency in high-CAS samples. A previous study indicated that FRAS1 has the ability to regulate epidermal basement membrane adhesion and cell migration (39). In addition, FRAS1 was more frequently mutated in metastatic breast cancer than in primary breast cancer (40). Another study demonstrated that FRAS1 mutation may be associated with an increase in the development of metastatic disease or death from prostate cancer (41). Above all, the results were coincidental with our findings. Moreover, we demonstrated that the frequency of TP53 mutation is the highest in patients with high CAS (33%). TP53 acts as a tumor suppressor and induces growth inhibition and apoptosis (42). Approximately, 13%–48% of liver cancers harbor TP53 mutations (43, 44). Our findings and the results from previous studies were consistent.

We predicted some small-molecule drugs with higher sensitivity in patients with high CAS, including brefeldin A, SR-II-138A, CR-1-31B, BRD-K97651142, KX2-391, and tosedostat. Brefeldin A has been reported to markedly inhibit proliferation and induce autophagic cell death via the Akt/mTOR and ERK pathways when encapsulated in mixed nanomicelles (45). CR-1-31B, an inhibitor of eukaryotic translation initiation factor 4A, has been found to significantly reduce the growth and initiate the apoptosis of gallbladder cancer cells (46). In addition, one article reported that the Src/FAK pathway inhibitor KX2-391 significantly increased the sensitivity of HepG2/doxorubicin cells to doxorubicin in HCC (47). The novel metalloenzyme inhibitor tosedostat has shown promising activity for patients with acute myeloid leukemia (48). However, we have not found any reports about SR-II-138A and BRD-K97651142.

In our study, we first constructed an ANN model based on CAF-related prognostic genes in HCC. However, this study still has some limitations. To begin with, our data were obtained from the TCGA, ICGC, and GEO online databases, which need to be verified in a large sample in reality. In addition, the prognostic ANN model needs to be certified in a real clinical cohort before application.

In conclusion, we created a novel CAF-related ANN model that is suitable for individually predicting the prognosis of patients with HCC and guiding clinical treatment through functional, mutational, immune, and clinical analyses.
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Supplementary Figure 2 | Univariate Cox regression subgroup analyses of the CAS in three datasets. (A) Subgroup analysis in TCGA dataset. (B) Subgroup analysis in the ICGC dataset. (C) Subgroup analysis in the GSE76427 dataset.

Supplementary Figure 3 | The different ligand–receptor pairs between high and low CAS samples. (A) High CAS cells communicate with TAMs, B cells and T cells through CD74-CXCR4 in the MIF signaling pathway. (B) High CAS cells communicate with TECs via VEGFA-VEGFR1 in the VEGF signaling pathway. (C) High CAS cells communicate with TAMs through TNFSF12-TNFRSF12A in the TWEAK signaling pathway. (D) High CAS cells communicate with TAMs and CAFs through PROS1-AXL in the PROS signaling pathway. (E) High CAS cells communicate with TAMs through HBEGF-EGFR in the EGF signaling pathway. (F) High CAS cells communicate with TECs and TAMs through GDF15-TGFBR2 in the GDF signaling pathway.

Supplementary Figure 4 | Validation of the sensitivity of the chemotherapeutic drugs and immune response. (A) The estimated IC50 of four common chemotherapeutic drugs in high and low CAS samples in the ICGC dataset. (B) The estimated IC50 of four common chemotherapeutic drugs in high and low CAS samples in GSE76427. (C) The immune response against PD1 and CTLA4 in high and low CAS patients in the ICGC dataset. (D) The immune response against PD1 and CTLA4 in high and low CAS patients in the GSE76427 dataset. (E) The total immune response in high and low CAS patients in the ICGC dataset. (F) The total immune response in high and low CAS patients in the GSE76427 dataset.

Supplementary Figure 5 | Prediction of the possible drugs and the corresponding mechanism by MoA analysis.
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Objective

The objective of this study was to explore and verify the subtypes in hepatocellular carcinoma based on the immune (lymphocyte and myeloid cells), stem, and stromal cells in the tumor microenvironment and analyze the biological characteristics and potential relevance of each cluster.



Methods

We used the xCell algorithm to calculate cell scores and got subtypes by k-means clustering. In the external validation sets, we verified the conclusion stability by a neural network model. Simultaneously, we speculated the inner connection between clusters by pseudotime trajectory analysis and confirmed it by pathway enrichment, TMB, CNV, etc., analysis.



Result

According to the results of the consensus cluster, we chose k = 4 as the optimal value and got four different subtypes (C1, C2, C3, and C4) with different biological characteristics based on infiltrating levels of 48 cells in TME. In univariable Cox regression, the hazard ratio (HR) value of C3 versus C1 was 2.881 (95% CI: 1.572–5.279); in multivariable Cox regression, we corrected the age and TNM stage, and the HR value of C3 versus C1 was 2.510 (95% CI: 1.339–4.706). C1 and C2 belonged to the immune-active type, C3 and C4 related to the immune-insensitive type and the potential conversion relationships between clusters. We established a neural network model, and the area under the curves of the neural network model was 0.949 in the testing cohort; the same survival results were also observed in the external validation set. We compared the differences in cell infiltration, immune function, pathway enrichment, TMB, and CNV of four clusters and speculated that C1 and C2 were more likely to benefit from immunotherapy and C3 may benefit from FGF inhibitors.



Discussion

Our analysis provides a new approach for the identification of four tumor microenvironment clusters in patients with liver cancer and identifies the biological differences and predicts the immunotherapy efficacy between the four subtypes.





Keywords: hepatocellular carcinoma, tumor immunology, tumor microenvironment subtypes, precise treatment, immunotherapy, tumor-infiltrating lymphocytes, tumor stromal cells, stem cells



Introduction

Hepatocellular carcinoma (HCC) is one of the most lethal malignancies worldwide, with low survival rates in advanced-stage patients and minimal improvement in survival trends. The tumor microenvironment (TME) consists of many cell types, including immune infiltrates (lymphocyte and myeloid cells), cancer-associated fibroblasts (CAFs), and vascular endothelial cells. Immune cells and stromal cells, which are two major types of non-tumor cell components, play crucial roles in tumor progression and metastasis (1, 2). Previous studies have been conducted on the relationship between tumor-infiltrating immune cells and clinical outcomes (3). However, other components in the TME, such as stromal cells, also affect the therapeutic outcome (4), and the research on the comprehensive compendium of the cell landscape in TME is still lacking in LIHC.

Immunotherapy has received tremendous attention and is revolutionizing cancer treatment. Immune checkpoint inhibitors (ICIs) can reverse the immunosuppressive microenvironment by decreasing the potential of tumor immune escape, resulting in a noteworthy improvement of prognosis (5). In TME, multiple factors affect immunotherapy. The stem cells and stromal cells could suppress pro-inflammatory processes and promote the immune tolerance (6). Accordingly, not all cancer patients exhibit the same response to immunotherapy, and it is of utmost importance to identify the immunodominant population to help clinicians conduct immunotherapy or immunotherapy-based combination strategies.

In view of this situation, this study aimed at establishing the tumor microenvironment subtypes based on 48 types of cells, including immune (lymphocyte and myeloid cells), stem, and stromal cells in TME. We investigated the differences in biological characteristics among different subtypes, including infiltration of immune cells, tumor microenvironment status, tumor mutations, and the differences in prognosis and the efficacy of immunotherapy, which may refer to current research on treatment strategies for patients with LIHC.



Methods


Data Source

RNA-seq data of LIHC patients were downloaded from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) and further normalized into transcripts per kilobase (TPM) for analysis. Normalized microarray gene expression data of the Hoshida Y et al. cohort (GSE10141) were available from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/), and LIHC transcriptome and clinical data of the Japanese cohort were available from the International Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org). TCGA dataset was used to investigate the immune subtypes of tumor microenvironment subtypes, and the Hoshida Y et al. cohort and Japanese cohort were independently used for external validation.

The enrichment scores of 64 cells in TME were inferred by the xCell algorithm, which integrated the advantages of gene-set enrichment with deconvolution approaches to remove dependencies between cell types (7). When selecting cell types, we first removed the other cell type family, which mainly included neural and sebaceous cells, in the algorithm. According to the cell p-value and the standard deviation of cell scores, we removed 8 cell types again. The tumor purity of TCGA patients was inferred by ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumors using Expression data), ABSOLUTE, LUMP (leukocyte unmethylation for purity), and CPE (consensus measurement of purity estimations) algorithms, and the immune subtypes of TCGA patients were provided in the study of Vésteinn Thorsson et al. (8). Moreover, related features, including the signature scores of tumor proliferation, wound healing, macrophage regulation, lymphocyte infiltration signature, IFN-γ response and TGF-β response, leukocyte fraction, tumor-infiltrating lymphocyte (TIL) regional fraction, and intratumor heterogeneity, were also used in our study.



Non-Supervisor Clustering and Identification of TME Subtypes

We performed the k-mean consensus cluster method to identify tumor microenvironment subtypes for TCGA patients, based on the R package “ConsensusClusterPlus”. Performance of consensus matrix, empirical cumulative distribution function (CDF) plots, and relative change in area under CDF curve were considered when selecting optimal k value. The tumor microenvironment subtypes of patients in the Japanese cohort and the Hoshida Y et al. cohort were determined by a neural network model, which was trained and internally validated in TCGA dataset (the training and testing cohorts were randomly divided at a ratio of 7:3).

The neural network consisted of the input layer, hidden layers, and output layer. We set the cell matrix as the input layer and the subtype result as the output layer. The setting of the hidden layer neural nodes refers to the following formula:

	

Ni is the number of neurons in the input layer; No is the number of neurons in the output layer; Ns is the number of training set samples; and a could be an arbitrary variable.

We used the receiver operating characteristic (ROC) curve analysis to confirm the performance of the prognostic model.



Survival Analysis

The KM and Cox regression analyses were used to calculate the significance of differences in the overall survival (OS) for categorical variables. The statistical difference of the OS in the KM curve analysis was compared using the log-rank test, and the pairwise comparison was performed between multiple groups. For continuous variables, Cox regression was used to calculate the hazard ratio (HR) and significance of differences in the OS.



Gene Set Enrichment Analysis

R package “DESeq2” implement procedures were utilized for the differential expression analysis between any cluster and other patients (9). The genes with a false discovery rate (FDR, also known as Benjamini–Hochberg-adjusted p-values) < 0.05 and absolute log-transformed fold change (log2FC) > 1.0 were defined as differential expression genes. The gene list is then ranked by log2FC and studied using gene set enrichment analysis, which was computed by the R package “ClusterProfiler” (10). The signaling pathway information in the Molecular Signatures Database (MSigDB) (https://www.gsea-msigdb.org/gsea/msigdb/) was used. The pathway enrichment scores for each patient were calculated by the gene set variation analysis (GSVA).



Genomic Mutation and Copy Number Variants

The gene mutation data of LIHC were downloaded from TCGA database. The “Maftools” R package was applied to visualize the gene mutations and type of the mutation (11). The copy number data were recognized by GISTIC 2.0 (12).



Pseudotime Trajectory Analysis

Through inversed pseudotime trajectory analysis, we reduced the dimensions of all samples on the same plane, observed the distribution between different clusters, and explored the latent associations between clusters. Through the pseudotime ordering of each patient, we attempted to reveal the patient’s possible disease development directions (13).



Evaluation of Drug Sensitivity and Patients’ Response to Immunotherapy

Using the pRRophetic algorithm (14), a ridge regression model was established to predict the sensitivity value (IC50) of 51 drugs for LIHC patients of TCGA, the Japanese cohort, and the Hoshida Y et al. cohort based on the expression profile. pRRophetic is a popular enrichment algorithm, which was extensively utilized in medical studies (15–19). The potential response of patients to immunotherapy was inferred by the tumor immune dysfunction and exclusion (TIDE) score, which calculates how the expression of each gene in the tumor interacts with the level of cytotoxic T-cell infiltration to affect patient survival (20). Generally, a lower TIDE score predicts a better response to immunotherapy.



Other Statistical Analysis

Immune and stromal scores were calculated using the ESTIMATE algorithm, which was provided in the R package “estimate,” and the correlation analysis was conducted based on the Spearman method. The Kruskal–Wallis test examined the statistical difference of distribution in three or more groups, and the Wilcoxon test compared that of two groups. The missing value of clinical data in our study was imputed by multiple imputation methods based on chain equitation. The FDR was calculated by the Benjamin–Hochberg method for adjusting the p-value in multiple comparisons.




Results


The Association Between 48 Cells in TME and Clinical Characteristics in TCGA Patients

Based on the xCell algorithm, a total of 48 types of cells, including immune (including lymphocyte and myeloid cells), stem, and stromal cells in TME, were available for analysis in LIHC. The correlation between tumor microenvironment cells and the age of patients was calculated (Figure 1A). The adipocytes and macrophages M2 were significantly positively correlated with age. In contrast, the granulocyte-macrophage progenitor was negatively correlated with age. Although CD8+ T cells, CD4+ memory T cells, CD4+ naïve T cells, T helper 1 (Th1) cells, and T helper 2 (Th2) cells were positively associated with the patients’ age, the associations were insignificant. The associations between age and each cell score in the TME of patients are shown in the Supplementary Figure 1.




Figure 1 | The association between 48 cells in TME and clinical characteristics with patients. (A) Correlation between age and cell score. The size of each cell represented the correlation between age and cell score. Spearman correlation coefficients and the associated p-value (Spearman) were shown. (B) Volcano plot diagrams showed the comparison of cell infiltration levels. The significance (p-value) versus and fold change were plotted on the X-axis and T-axis. (C) Landscape of the TME in LIHC. Cellular interaction of the TME cell types. The lymphoid cells are marked by yellow; the myeloid cells are marked by blue; stem cells are marked by red; and stromal cells are marked by brown. The size of each cell represents the survival impact of each TME cell type, which was calculated by log10 (log-rank test p values indicated). Risk factors are indicated in red, and favorable factors for overall survival are indicated in green. The lines connecting TME cells represent cellular interactions. The thickness of the line represents the strength of correlation estimated by Spearman correlation analysis. Positive correlation is indicated in red and negative correlation in blue. (D) Forest plots showing multivariable Cox regression analyses of the cell score, and each score is adjusted by age and TNM stage.



Subsequently, we compared the estimated cell scores across different genders, levels of obesity, Child–Pugh grade, alcohol consumption, TNM stages, T stages, N stages, and M stages (Figure 1B). In comparing different levels of obesity and different Child–Pugh grades, the CD4+ T effector memory cells, immature dendritic cells, and macrophages M2 had higher scores in obese people and in the Child–Pugh grade B/C population. Maturation of dendritic cells could act as antigen-presenting cells and initiate the host anticancer immune response (21), but patients with obesity and poor liver function grading may have maturation disturbance of dendritic cells. When comparing the cell scores between TNM stages, the score of conventional dendritic cells and activated dendritic cells decreased in stage III/IV and stage T3/T4, which could activate cytotoxic T lymphocytes cross-presenting antigens (22).

We utilized the TME cell network to depict the comprehensive landscape of tumor–immune cell interactions, cell lineages, and their effects on the overall survival of patients with LIHC (Figure 1C, Supplemental Table 1). Through univariable Cox analysis, we found that only the Th 2 cell score was associated with poor prognosis in lymphoid, which was consistent with previous research conclusions (23). Many cells, such as adipocytes and endothelial cells, were associated with favorable prognosis, which was usually thought to accelerate tumor metastasis (24, 25). We also calculated the HR of these cells using multivariable Cox analysis to correct the age and TNM stage (Figure 1D). Similar to the result of univariable Cox analysis, we found that Th 2 cells were associated with poor prognosis, and endothelial cells, etc., were associated with favorable prognosis.



Identification of Subtypes in TME of Patients With LIHC

The consensus matrix was used as the similarity matrix to define the final clusters. Sample classification robustness was analyzed by consensus clustering, which involved k-means clustering by resampling randomly selected tumor profiles (Figure 2A). According to the results of the consensus cluster and the areas under the curve of the consensus distribution function (CDF) plot, we chose k = 4 as the optimal value and divided 370 LIHC patients into four different subtypes (C1, C2, C3, and C4) with 57 samples in C1, 57 samples in C2, 144 samples in C3, and 112 samples in C4. In parallel, the overall survival in the TME clusters was significantly different (p of log-rank test = 0.0026, Figure 2B). Compared to patients of C1, those of C2 and C3 had a significantly poorer overall survival. In univariable Cox regression, the HR value of C2 versus C1 was 2.128 (95% CI: 1.087–4.165), that of C3 versus C1 was 2.881 (95% CI: 1.572–5.279), and that of C4 versus C1 was 1.413 (95% CI: 0.740–2.698). In multivariable Cox regression, the HR value of C2, C3, or C4 versus C1 was 1.983 (95% CI: 1.005–3.916), 2.510 (95% CI: 1.339–4.706), or 1.307 (95% CI: 0.677–2.525), respectively, by correcting the age and TNM stage (Figure 2C).




Figure 2 | Identification and clinical characteristics of TME subgroups. (A) Consensus clustering displaying the robustness of sample classification using multiple iterations (×1,000) of k-means clustering. The consensus distribution function (CDF) depicting the cumulative distribution from consensus matrices at a given cluster number (k). (B) Kaplan–Meier curves for overall survival of 370 patients in TCGA database showed the association between TME subtypes and overall survival (global log-rank test, p = 0.00033). (C) Forest plots showing multivariate Cox regression analyses of the TME class, age, and TNM stage on the overall survival of LIHC patients. (D) Pseudotime trajectory analysis speculated the developmental relationship of the clusters based on the differential genes. (E) Pseudotime trajectory analysis of 370 patients in TCGA based on the glycan biosynthesis and metabolism pathway-related genes and cellular processes (including transport and catabolism, cell growth and death, cellular community, and cell motility) pathway-related genes.  *p≤ 0.05, **p≤ 0.01, ***p≤ 0.001.



To explore the potential relationship between the four tumor microenvironment clusters, we used pseudotime ordering to analyze the development of the four subtypes (Figure 2D). According to the result, the patients in C1 and C3 were seated at both ends of the pseudotime ordering analysis, while the patients of C2 and C4 were in the middle of pseudotime ordering. The result of the pseudotime ordering analysis was similar to the overall survival result of each cluster. The pseudotime ordering suggested that C1 and C4 may be at a similar stage in the glycan biosynthesis and metabolism pathways and cellular process pathways (including transport and catabolism, cell growth and death, cellular community, and cell motility) and have a potential timing relationship with C2 and C3 (Figure 2E, Supplementary Figure 2). In carbohydrate metabolism-, energy metabolism-, and nucleotide metabolism-related pathways and all cellular process-related pathways, we observed that C2 and C4 were on different timing stages, which may have a potential temporal evolution relationship (Supplementary Figure 2). We discussed the more particular biological characteristics and enrichment analysis in the next.



The Immune Characteristics in Different TME Clusters

To further characterize and understand the biological and immune differences and connections among these TME clusters, we contrasted the difference of cell scores in each TME cluster. As illustrated in Figure 3A, we observed a higher CD8+ T cell infiltration, including that of the CD8+ T cells, CD8+ T effector memory cells, and CD8+ T center memory cells, in C2 and C1 patients. Meanwhile, macrophages M1 and dendritic cells had higher cell scores in patients of C1 and C2. Concurrently, the other two clusters (C3 and C4) showed lower infiltration levels of CD8+ T cells, and the patients of C3 had lower endothelial cell scores.




Figure 3 | The immune characteristics of different TME clusters. (A) Unsupervised clustering of TME cells for 370 patients in TCGA database. Clinical stage, sex, alcohol consumption, Child grade, BMI grade, age, and TME cluster were shown as patient annotations. (B) The boxplots showed the comparison of tumor purities with ESTIMATE, LUMP, IHC, and CPE, respectively. The thick line represents the median value. The bottom and top of the boxes were the 25th and 75th percentiles (interquartile range). The whiskers encompassed 1.5 times the interquartile range. The statistical difference of four groups was compared through the Kruskal–Wallis test. (C) Violin plots showed the comparison of immunocompetence with leukocyte fraction, stromal fraction, and intratumor heterogeneity respectively. The differences between every two groups were compared through the Kruskal–Wallis test. (D) Sankey diagram illustrates change between the immune subtype and TME cluster in each patient. Heatmap of IFN-γ response, TGF-β response, macrophage regulation, lymphocyte infiltration, proliferation, and wound healing in different TME clusters. (E) Heatmap of immune genes that were differentially expressed in patients from different TME clusters. *p≤ 0.05, **p≤ 0.01, ns: p> 0.05.



The ESTIMATE, LUMP, IHC, and CPE scores from each TME cluster were also compared, which provided a qualitative estimation of tumor purity (Figure 3B). We observed that patients of C3 had higher tumor purity than other clusters. We counted the leukocyte fraction, stromal fraction, and intratumor heterogeneity in each subtype (Figure 3C). Notably, there was no significant difference in intratumor heterogeneity among the four subgroups, but C3 had the lowest leukocyte fraction and stromal fraction scores.

By probing the association between six identified immune subtypes and TME clusters, we found that most wound healing immune subtype patients belonged to TME C3, which means a high proliferation rate and an association with worse survival (Figure 3D). In contrast to wound healing, the IFN-γ-dominant subtype principally flowed to TME C2, which usually had the highest macrophages M1 and CD8+T cells. The lymphocyte-depleted subtype had minimal T helper cells and mainly flowed to TME C3 and C4. Furthermore, we discovered that C1 and C2 had higher lymphocyte infiltration and macrophage regulation scores than the other clusters, and C2 had higher macrophage regulation than others (Figure 3E). Simultaneously, C1 and C4 had a lower proliferation rate than C2 and C3, and C3 had the lowest IFN-γ signature. To seek the difference of immunocompetence between each cluster, we examined the immunomodulatory gene expression in each cluster (Figure 3D). Almost all antigen presentation genes were highly expressed in C2 and C1, and the receptor genes had a high gene expression in C2.



The Analyses of Differentially Expressed Genes and Enriched Functions Between Different TME Clusters

We selected the top quarter with the most considerable variance from all genes to analyze the differential expression of genes in each TME cluster (Figure 4A, Supplemental Table 2). The highly altered genes involved in different TME clusters were TRARG1, CLEC4G, and GDF2 in C1; immunoglobulin lambda variable cluster family genes in C2; LGALS14, SST, and CYP11B2 in C3; and Lnc-NPVF-2, LUZP2, AQP6 in C4.




Figure 4 | Differentially expressed genes and enriched functions in the TME cluster. (A) The volcano map showed the differentially expressed genes of each cluster. Red dots represent upregulated genes, blue dots represent downregulated genes, and gray dots represent no differentially expressed genes. (B) The Hallmark, KEGG, Gene Ontology Biological Process (GOBP), Gene Ontology Cellular Component (GOCC), and Gene Ontology Molecular Function (GOMF) enrichment analyses were performed for upregulated genes in each cluster, respectively. (C) The above enrichment analyses were performed for downregulated genes in each cluster, respectively.



Then we used the gene sets in the MSigDB database to annotate the enriched biological functions, selected the significant enrichment pathway, and scored each patient by GSVA (Figure 4B). In TME C1, immune response-related pathways were highly enriched, including TGF-β signaling, complement activation, and B-cell receptor signaling pathway. The pathway enrichment of TME C2 was similar to that of C1, and those immune-related pathways were also enriched in C2. Nevertheless, IFN-α and IFN-γ response pathways and MYC target pathways were highly enriched in C2, specifically. Meanwhile, the cell cycle-related pathways were activated in TME C3, and the metabolism and decomposition-related pathways were activated in TME C4. In contrast, we found that cell cycle and cell proliferation-related pathways were the least enriched in C1, meaning that TME C1 may have the lowest cell proliferation rate. The metabolism-related and the oxidation–reduction (redox) reaction-related pathways were lowly enriched in C2 (Figure 4C). The downregulated pathways of C3 and C4 were highly similar, but C1 and C3 were opposite, especially in immune-related pathways (Figures 4B, C). Although the enrichment of immune pathways was similar in C1 and C2, the DNA replication and cell-cycle pathways were more enriched in C2. The same pattern also appeared in C3 versus C4, the metabolic-related pathways of C4 were more enriched, and the cell proliferation-related pathways were more enriched in C3 (Supplementary Figure 3).



Genomic Alteration Landscape of Different TME Clusters

To investigate the genomic alteration landscape of the TME cluster, we found that C3 showed a significantly higher tumor mutation burden and copy number variation than C1 (Figure 5A). By comparing genes with mutation rates greater than 5%, we observed that TP53, CTNNB1, OBSCN, DNAH7, CSMD1, RB1, FRAS1, and KMT2D, the most frequent alterations identified in LIHC (Supplemental Table 3), had significantly different patterns between clusters. Considering that the APOBEC family members, including APOBEC3A and APOBEC3B, catalyze mutation and promote cancer growth (26, 27), we chose the APOBEC activity-related mutational signatures, SBS2 and SBS13, to investigate the differences of the immune microenvironment among clusters. We found that C3 had more mutations in APOBEC-related signatures.




Figure 5 | Genomic alteration landscape of each TME cluster. (A) The log10TMB of each cluster, gene-level CNV mutational signature, waterfall chart of significant (>5%) and differently (Fisher’s exact test p < 0.1) mutated genes, and heatmap of gene copy number variation were shown from the top to the bottom panels. Patients were ordered by the combined contribution of APOBEC-related mutational signatures (SBS2 + SBS13) with each cluster. (B) GISTIC copy number variation analysis. The amplifications and deletions of chromosomal regions were colored red and blue, respectively (FDR cutoff: 0.01).



Through the description of the entire cluster of CNV landscapes (Figure 5B) by GISTIC 2.0, we discovered that the CNV of C1 was significantly less than those of the other three clusters. Although the degree of amplification was generally higher in C2, there were more amplifications and deletions of the chromosomal locus in C3. The chromosomal specificity loci, such as 11q13.3 and 9p21.3, only had no significant amplification in C1 (Supplemental Tables 4-5).



Internal Validation and External Exploration of TME Clusters

The LIHC patients in TCGA dataset were randomly divided into the training cohort (n = 259) and the testing cohort (n = 111). We incorporated the matrix of putative cell scores into the neural network model and verified it in the validation set to determine TME clusters (Figure 6A). For internal validation, the accuracy of the neural network model was 0.949 in the testing cohort. In the external validation dataset, we used the neural network model to obtain the TME clusters and observed consistent survival differences between predicted TME clusters in the Japanese cohort and the Hoshida Y et al. cohort with that in TCGA dataset (Figure 6B).




Figure 6 | Identification and clinical characteristics of TME clusters in the verification group. (A) Neural network. The cell matrix was the input layer, and the subtype result was the output layer. (B) Kaplan–Meier curves for overall survival of 240 patients in the Japanese cohort (global log-rank test, p < 0.0001), and 80 patients in the Hoshida Y et al. cohort (global log-rank test, p = 0.11). (C) Pseudotime trajectory analysis of the Japanese cohort and the Hoshida Y et al. cohort. (D) Unsupervised clustering of TME cells for 240 patients in the Japanese cohort. (E) Unsupervised clustering of TME cells for 80 patients in the Hoshida Y et al. cohort.



To verify the stable interrelationship among the four subtypes, we performed pseudotime ordering analyses in the validation set with the same genes (Figure 6C). In all datasets, the patients in C1 and C3 were distributed at both endpoints of the hypothetical timeline and the patients of C2 and C4 were in the middle of the hypothetical timeline.

The landscape of infiltrating cells in TME was also explored (Figures 6D, E). Higher CD8+ T cell scores of C1 patients were observed in different validation datasets. Moreover, endothelial cells’ legible low-infiltrating score could be observed in C3 patients, and the Th 1 cells had a low infiltrating score in C4. These findings in validation datasets indicate a similar pattern of infiltrating cell enrichment with that of TCGA dataset.



Therapeutic Response to Chemotherapy and Immunotherapy of Patients in Different TME Clusters

To find the response of LIHC patients to drugs in different TME clusters, we inferred the IC50 value of the 51 drugs in TCGA-LIHC, the Japanese cohort, and the Hoshida Y et al. cohort patients (Figure 7A). We found that patients in C1 might be more sensitive to paclitaxel, cisplatin, bortezomib, etc. The patients in C2 might be more sensitive to docetaxel, elesclomol, etc. The patients in C3 were less sensitive to most targeted drugs, except epothilone B and gemcitabine. Furthermore, patients in C4 might be more sensitive to metformin, vinorelbine, erlotinib, etc. The potential response of ICB therapy was estimated by the TIDE algorithm, which can evaluate the efficacy of anti-PD1 and anti-CTLA4 treatments. We discovered that C1 had the lowest TIDE score than other clusters (Figure 7B), which means the patients of C1 may get more benefits from immunotherapy. Comparing the scores of C2 patients in three cohorts, we speculated that C2 patients could not benefit from immunotherapy stably. Moreover, the patients of C3 and C4 may have poor immunotherapy efficacy.




Figure 7 | Predicting the efficacy of each TME cluster. (A) Heatmap of drug sensitivity in patients of different TME clusters in TCGA, Japanese, and Hoshida Y et al. cohorts. (B) Violin plots showed the comparison of the TIDE score of TME clusters in TCGA, respectively. *p≤ 0.05, **p≤ 0.01, ns: p> 0.05.






Discussion

We identified four tumor microenvironment subtypes based on the lymphocytes, myeloid cells, stem, and stromal cells and discussed the difference of survival, cell infiltration, tumor mutation burden, copy number variation, and functional enrichment pathways between the clusters. A neural network model was established based on the obtained cell matrix and verified in the Japanese and Hoshida Y et al. cohorts. In conclusion, the multiple signatures suggested that the long-term outcome and immunotherapy efficacy of patients may be different among four TME subtypes.

It was generally considered that the hematopoiesis becomes skewed toward myeloid and away from lymphoid lineages with age; therefore, aging negatively impacted CD8+ T cell immunity and positively connected with adipocytes (28). Similar trends may also exist in the tumor microenvironment of LIHC patients. The increase of adipocytes and the decrease of granulocyte-macrophage progenitor may indicate the transformation to the aging microenvironment, which may dramatically affect tumor progression (29). Our study suggested that macrophage M2 was increased in older LIHC patients, with obvious tumor-promoting functions (30). Tumor-associated adipocytes can promote the immunosuppressive TME and aggravate tumor progression (31). Considering the immune cell-adipocyte cross talk mentioned in single-cell studies, the growth of adipocytes may cause systemic energy imbalance in TME (32). In summary, we speculated that elderly patients might have a more immunosuppressed TME than young patients.

Besides, most of the previous research was based on the immune microenvironment and did not analyze the types of stromal cells and stem cells. Our research explored immune and non-immune cells in the immune microenvironment of liver cancer, which makes our study more complete and closer to the real situation. The TME component of LIHC may be unique, such as the existence of endothelial cells. Highly endothelial cell infiltration was usually associated with poor survival, and the liver sinusoidal endothelial cells could not be ignored in the liver, which has vital physiological and immunological functions, including antigen presentation, and leukocyte recruitment (33). In liver cancer, a high endothelial cell score is associated with a good prognosis, and correspondingly, the patients of C3 have a lower endothelial cell score and worse prognosis. Likewise, in the non-neoplastic cirrhotic and non-cirrhotic liver, PD-L1 was expressed on Kupffer cells (macrophages that reside in hepatic sinusoids), endothelial cells, and immune cells, all of which scored lowly in C3 (34). This result is consistent with the low expression of CD274 in C3, which also indicates that immunotherapy may be less effective in C3. In addition, a single-cell sequencing study found that exhausted CD8+ T cells and regulatory T cells were preferentially enriched and potentially clonally expanded in LIHC, but the functions of CD8+ T cells were repressed (35). Although the patients of C2 had a higher CD8+ T cell score than C1, the functions of CD8+ T cells may be inhibited.

We observed that the enrichment of pathways in different types seems regular. For instance, the cell cycle and cell proliferation-related pathways had the highest enrichment in TME C3, followed by C2, C4, and C1. In immune-related pathways, the enrichment of C1 and C2 was opposite to that of C3 and C4. These results indicated that the immune phenotype of C1 may be similar to that of C2 and antagonistic to that of C3 and C4. Simultaneously, the cell proliferation-related pathways in C1 that had the lowest enrichment may indicate that the cancer cells were less malignant, which explained the better survival outcome of patients in C1. Interestingly, the patients of C1 had a relatively inactive immune microenvironment compared with patients of C2. The immune cell scores, stromal fraction, and immune pathway enrichment were similar in C1 and C2. Intriguingly, the expression of immune-related genes of C2 was even higher, but C2 did not have a better survival outcome than C1. Regarding the metabolism laws of the four subtypes, we believed that the metabolism and cell cycle of C1 were relatively inactive, and there is an evolutionary process from C1 to high-metabolome subtypes by pseudotime ordering analysis. Considering that the enrichment of immune and metabolic-related pathways in C2 was higher than that in C1, we speculated the high immune activity could not control more malignant tumors in C2, which may explain why the survival outcome of C2 was worse than that of C1. In addition, the TIDE score consisted of a dysfunction score and an exclusion score, which were associated with the average expressions of CD8A, CD8B, GZMA, GZMB, and PRF1 (20). The above cytotoxic T lymphocyte markers were expressed differently between C1and C2; therefore, the TIDE scores between C1 and C2 were different.

As for the differences of TMB in each cluster, proliferative hepatocellular carcinoma was associated with chromosomal instability and TP53 mutations, and non-proliferative tumors were a well-differentiated phenotype with CTNNB1 mutations (36). The TP53 mutation frequency was higher in C2; we speculated that the patients of C2 may belong to the proliferative hepatocellular carcinoma. Involved in CNV, although the amplified chromosomes were at the same locus, the amplified genes were not the same among clusters. Oncogenes expressed by chromosomal 11q13.3, such as CCND1 and some FGF family genes, increased the immune checkpoint signature expression, including CD274, PDCD1, BTLA, CTLA4, HAVCR2, IDO1, and LAG3 (37). We discovered that CCND1 was only amplified in C2, which may account for the high expression of immune checkpoint signatures in C2. There have been targeted drugs applicated for 11q13.3 amplification (38). However, the amplified genes were significantly different between clusters, and only patients in C3 were accompanied by amplified FGF family genes, which suggested a better response to FGF inhibitors. It is also noteworthy that FGF3 amplification may be associated with multiple lung metastases and a poorly differentiated tumor (39).

We also observed a similar situation at site 9p21.3. LIHC does not belong to the frequent 9p21 loss cancer type, but this CNV type can distinguish between subtypes with obvious deletion (C1) and no apparent deletion (C2–4), according to our study. The 9p21 loss correlates with “cold” tumor-immune phenotypes and shorter survival (40). In melanoma, the deletion of 9p21 was associated with primary resistance to anti-PD-1/PD-L1 monotherapy, suggesting that immunotherapy may not be effective in C2–4. On the other hand, we must pay attention to the high expression of CD274 in C2, suggesting that C2 patients may benefit from immunotherapy. Combined with 9p21.3 loss, the immunotherapy efficacy in these patients may be variational. Moreover, this conclusion is the same as the result calculated by TIDE in our study. In parallel, patients with deletions or mutations in CDKN2A and CDKN2B, common deletion genes in C2–4, had a significantly shorter time to progress on chemotherapy (41). In contrast, C2 and C3–4 have different genes deleted at the chromosomal 9p21. The patients of C2 had more CDKN2B and CDKN2B-AS1 deletions than C3–4. The CDKN2B-AS1 knockdown inhibited cell proliferation, migration, and invasion and induced G1 arrest and apoptosis of tumor cells (42). In short, C2 patients may have fewer metastases than C3 and 4.

In brief, the patients of C1 have lower malignancy and higher immunological activity, without 9p21.3 deletion or 11q13.3 amplification, and can achieve better curative effects in immunotherapy. C2 patients have high immunological activity and a high expression of immune checkpoint inhibitors. The malignance of the two clusters may be lower and tumor not easy to metastasize, and both of them may benefit from immunotherapy or local therapy. The patients of C3 with lower immune and stromal cell infiltration, and highest tumor purity, find it challenging to benefit from immunotherapy. They may get better curative effects from drugs that target FGF/FGFR, including lenvatinib (43). The patients of C4 may belong to immune-insensitive subtypes like C3 and develop toward C3. Considering that the cell-division M phase-related pathways, like the sister chromatid segregation pathway, were highly enriched in C3, the vinorelbine drugs may achieve good results in C4.

Although our study confirmed four TME subtypes that potentially predicted antitumor treatment efficacy, our research still has limitations. The experimental data were lacking in our study, and the evaluation of efficacy of therapies mentioned in our study should be performed in larger-scale clinical data. In conclusion, our study laid an accurate foundation of four TME subtypes, which may provide therapeutic inspiration for patient selection for appropriate therapies in LIHC.
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Objective

It has been controversial whether tumor mutation burden (TMB) affects the prognosis and the efficacy of immunotherapy in different tumor types. We provided a comprehensive analysis of mutation status and immune landscape of squamous cell carcinomas (SCCs) from four sites in order to investigate the relationship of TMB with prognosis and immune cell infiltration in different SCCs.



Methods

The transcriptome profiles and somatic mutation data of SCCs downloaded from the Cancer Genome Atlas (the Cancer Genome Atlas) database were analyzed and visualized. Then, TMB was calculated to analyze its correlations with prognosis and clinical features. Differentially expressed genes (DEGs) between the high and low TMB groups were screened for functional enrichment analysis. CIBERSORT algorithm was used to compare differences of immune cell infiltration between two groups in different SCCs. In addition, immune DEGs associated with prognosis were identified and risk prediction model was constructed via Cox regression analysis.



Results

Missense mutation was the most dominant mutation type in SCCs. The difference was that the top10 mutated genes varied widely among different SCCs. High TMB group had better prognosis in lung squamous cell carcinoma (LUSC) and cervical squamous cell carcinoma (CESC), while the result was reverse in head and neck squamous cell carcinoma (HNSCC) and esophageal squamous cell carcinoma (ESCC). In addition, patients with older age, smoking history, earlier pathological stage and no lymphatic invasion had higher TMB. The identified DEGs were mainly enriched in the regulation of immune system, muscular system and the activity of epidermal cells. The proportions of CD8+T cells, CD4+ memory T cells, follicular helper T cells, macrophages were distinct between two groups. The prognosis-related hub genes (CHGB, INHBA, LCN1 and VEGFC) screened were associated with poor prognosis.



Conclusion

This study reveals the mutation status and immune cell infiltration of SCCs at different anatomical sites. TMB is closely related to the prognosis of SCCs, and its effects on prognosis are diverse in different SCCs, which might result from the situation of immune cell infiltration. These findings contribute to the exploration of biomarkers for predicting the efficacy of immunotherapy in SCCs and providing innovative insights for accurate application of immunotherapy.
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Introduction

Squamous cell carcinomas (SCCs) are the most common human solid tumors, arising from the epithelia of the aerodigestive and genitourinary tracts. They are frequently found in nasal cavity, oropharynx, esophagus, lung and anogenital region (1). SCCs from different parts of the body share some important properties due to their common histopathological features. They share certain common risk factors, such as smoking, excess alcohol drinking and human papillomavirus (HPV) infection (2). Cancer-related DNA hypermethylation is influenced by cell-type-specific chromatin markers or transcriptional programs, resulting in a tendency for some tumors from the same origin to aggregate common methylation data. For example, SCCs (HNSCC, ESCC, LUSC, and CESC) are strongly associated with METH2 and METH3 (3). Therefore, SCCs from different anatomical sites may have similar molecular patterns and clinical outcomes.

Chemotherapy, radiotherapy and surgery are traditional tumor treatments, which often have little effect on some metastatic, recurrent and refractory diseases (4). In recent years, studies of the anti-tumor immune response have promoted the development of therapeutic strategies, among which immunotherapy has become spotlighted in the field of cancer. Immunotherapy regulates the immune system to improve anti-tumor immune response and overcome immune escape mechanism. Because of its high clinical safety, lasting efficacy and effective improvement of survival, it has brought revolutionary innovation and has gradually become the pillar of modern cancer treatment. However, the benefits of immunotherapy remain unclear with low response rates and only a minority of people benefiting from it. A retrospective study using publicly reported cancer statistics and analyses of response rates to immune checkpoint inhibitors (ICIs) treatment found that less than 13% of patients who met immunotherapy indications responded to ICIs (5). Even among melanoma patients with the highest ICIs response rate, the rate was only 40% (6). Immunotherapy bring hope to patients, but also face many challenges in clinical application.

Since immunotherapy is still unable to achieve effectiveness for most cancer patients, there is still a huge space for development of immunotherapy in the era of precision therapy. Therefore, it is necessary to accurately screen potential beneficiaries by predictive biomarkers in order to guide the rational use of therapy in clinical practice. Cancer arises on account of accumulation of somatic mutations and other genetic changes that cause abnormal cell proliferation and ultimately tumorigenesis. With the advancement of high-throughput sequencing, we obtain detailed understanding of the cancer genome and mutational signatures. Most cancers carry between 1,000 and 20,000 somatic mutation, with few to hundreds of insertions, deletions, and rearrangements (7). Tumors induced by exposure to mutagens, such as lung cancer (tobacco) or skin cancer (ultraviolet), tend to have increased mutation rates (8, 9). With regards to this, tumor mutation load (TMB) is used to measure the degree of genetic variation in tumors. TMB is defined as the number of somatic gene non-synonymous mutations in a specific genomic region, which is generally expressed as mutations per million bases (Mut/Mb). Many explorations have revealed that higher nonsynonymous mutation may produce more neoantigens on the surface of tumor cells. These neoantigens can be detected and targeted by the immune system, triggering anti-tumor immune responses and improving the sensitivity of immunotherapy (10). Therefore, as a new biomarker, TMB has been paid more and more attention in predicting the response and prognosis of immunotherapy. In fact, TMB has been shown to be significantly associated with objective response rate to PD-1/PD-L1 inhibitors in a variety of tumors (11). SCC is one of the cancer types with the highest proportion of somatic gene mutations and HLA gene mutations (12). However, the correlation between TMB and the immune landscape in different SCCs has not been systematically studied.

In this study, we explored the mutated genomic pattern and immune cell infiltration in different SCCs. It helps explain the immune escape and limited immunotherapy response rates in SCCs, provides critical insights into common cancer-related genes and regulatory pathways across multiple anatomical sites. This is essential for the widespread use of immunotherapy in solid malignancies.



Methods


Data Acquisition and Processing

Clinical information, transcriptome profiles and somatic mutation data of SCC were downloaded from the the Cancer Genome Atlas database (https://portal.gdc.cancer.gov), which is publicly available. We mainly discussed the following four types of SCCs: head and neck squamous cell carcinoma (HNSCC), esophageal squamous cell carcinoma (ESCC), lung squamous cell carcinoma (LUSC), and cervical squamous cell carcinoma (CESC). Clinical data was composed of age, sex, race, smoking history, human papillomavirus (HPV) infection, AJCC-TNM stages, survival time and survival status, etc. RNA-seq data were downloaded in “HTSeq-FPKM” workflow type. The mutation analysis in the Cancer Genome Atlas category “Masked Somatic Mutation” were based on the VarScan program. We visualized the somatic mutation data using “maftools” R package, which commonly provided specific functionality in cancer genomic research.



TMB Calculation and Evaluation

TMB refers to the total amount of somatic gene coding errors, base substitutions, insertions, or deletions detected per million bases. We calculated TMB as the number of nonsynonymous somatic mutations divide by the length of exons via Perl scripts and classified SCC samples into high and low TMB groups based on quartile TMB. Subsequently, we combined the TMB scores with the clinical data. The survival differences between low and high TMB categories were compared using Kaplan-Meier survival analysis and the log-rank test. Wilcoxon rank-sum test and Kruskal-Wallis test were used to analyze the differences of two TMB groups among different clinical traits.



Differentially Expressed Genes and Functional Enrichment Pathways

Differentially expressed genes (DEGs) were screened by “limma” package between two groups of TMB in SCC, where FDR (false discovery rate) <0.05, and |log2FC (fold change) | >1 were adopted. The heatmap was generated by “pheatmap” package. Then, the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of DEGs were displayed with “ggplot2”, “clusterProfiler” and “enrichplot” R packages. Both p-value < 0.05 and q-value < 0.05 were considered as significantly enrichment pathways.



Estimation of Immune Cell Infiltration

CIBERSORT algorithm was used to evaluate immune cell infiltrations of each sample in the Cancer Genome Atlas database. CIBERSORT, which identifies cell types by estimating relative subsets of RNA transcripts, can accurately calculate the relative content of 22 immune cell from complex tissues. Wilcoxon rank sum test was used to compare the differences of immune cell infiltration between high and low TMB groups in different squamous cells, finally shown in violin plot. When p < 0.05, the results of immune cell fraction inferred by CIBERSORT were statistical significance.



Identification of Immune-Related DEGs and Construction of Prognostic Model

Immune-related genes were obtained from the immune omics database (https://www.immport.org), and were found the intersection with DEGs through “VennDiagram” package. Overlapping genes were known as immune-related DEGs. Univariate and multivariate Cox regression analysis were used to identify prognostic immune-related DEGs to construct prognostic models by “survival” R package. Risk ratios (HR) and 95% confidence intervals (95% CI) for hub genes in the prognostic model were calculated. In addition, Kaplan-Meier survival analysis and log-rank test were taken to examine the differential survival between high and low expression groups of prognostic immune-related DEGs. P-value < 0.05 was considered with prognostic value. Subsequently, the risk score for each SCC patient was computed based on the prognostic model. The formula was as follows: risk score =Σ (βi×EXPi), where βi stemmed from the multivariate Cox analysis and EXPi represents the expression level of selected immune gene. According to median risk score, patients were divided into low-risk and high-risk groups. Survival differences between the above two groups were compared via Kaplan-Meier survival analysis and log-rank test. Finally, the Receiver Operating Characteristic (ROC) curve was performed to assess the predictive value of the constructed prognostic model.



Relationship Between Prognosis-Related Hub Genes Mutation and Immune Cell Infiltration

We assessed the relationship between the hub genes copy number alteration (CNA) and the level of immune cell infiltration through tumor immune estimation resource (TIMER) database “SCNA” module (https://cistrome.shinyapps.io/timer/). The Somatic Copy Number Alterations (SCNA) module contains the following four CNA: deep deletion, arm-level deletion, arm-level gain, and high amplification. P< 0.05 was considered significant.



Statistical Analysis

Overall survival (OS) refers to the time interval from the date of diagnosis to the date of death. Survival curves were constructed by Kaplan–Meier analysis, and the differences between groups were tested by log-rank test. For non-parametrical statistical hypothesis, Wilcoxon rank-sum test was run for two categories, and Kruskal-Wallis test was applied for three or more categories. The “limma” package was used for normalization and differentiation analysis. The R software (Version 4.0.1) laid the basis for all statistical analyses. All statistical tests were double-tailed, and statistical significance was set by P <0.05.




Results


Landscape of Genome Mutation in SCC

Somatic mutation data of 1470 SCC samples were downloaded from the Cancer Genome Atlas database, including sample name, chromosome where the mutation occurred, starting and ending location of mutation, mutation classification, mutation type, etc. In the waterfall plot, 1383 (94.08%) SCC patients occurred somatic mutations, with mutation types represented by different color-coded annotations (Figure 1A). The following findings were consistent in HNSCC, ESCC, LUSC and CESC. Missense mutation was the most common variant classification, followed by nonsense mutation and frameshift deletion. In addition, single nucleotide polymorphism (SNP) was the most dominant mutation type. However, the C > T transition was the most frequent single nucleotide variants (SNV) in HNSCC, ESCC and CESC. The transition of C>A was more common in LUSC (Figures 1B–E). The top10 mutated genes were displayed by horizontal histogram (Figures 1F–I). It can be seen that the top10 mutated genes in HNSCC included TP53, TTN, FAT1, CDKN2A, MUC16, C SMD3, NOTCH1, PIK3CA, SYNE1 and LRP1B. The top10 mutated genes in ESCC were TP53, TTN, MUC16, SYNE1, CSMD3, FLG, MUC4, PCLO, DNAH5 and HMCN1. The top10 mutated genes in LUSC were TP53, TTN, CSMD3, MUC16, RYR2, LRP1B, USH2A, SYNE1, ZFHX4 and KMT2D. The top10 mutated genes in CESC were TTN, PIK3CA, MUC4, KMT2C, MUC16, KMT2D, FLG, DMD, FBXW7 and SYNE1. The sequences of mutated genes in horizontal histogram were based on the total number of mutations that had occurred. The proportions of the number of samples with genetic mutations to the total number of samples were expressed as percentages. Consequently, the above two orders were slightly different.




Figure 1 | Summary of mutational landscape in SCC patients from TCGA database (A)Mutation information in each SCC sample was shown in the waterfall plot, in which various colors representing different mutation types were annotated at the bottom. (B–E) Missense mutation was the most common variant classification, and SNP was the most dominant mutation type in SCC. The C > T transition was the most frequent SNV in HNSCC, ESCC and CESC. The transition of C>A was more common in LUSC. (F–I) The top10 mutated genes were displayed respectively in different SCCs.





TMB Correlated With Prognosis and Clinical Characteristics

Clinical data of SCCs downloaded from the Cancer Genome Atlas was shown in detail (Table 1). Kaplan-Meier survival curve showed that TMB was associated with prognosis. However, TMB was not consistent with prognosis in different SCCs (Figure 2A). In HNSCC and ESCC, patients with low TMB had better prognosis (p=0.023, p=0.039). But, patients with high TMB had better prognosis in LUSC and CESC (p=0.031, p=0.017). In addition, the relationship between TMB and clinical features had also been described in SCCs. The results indicated that patients with older age (p<0.001), smoking history (p<0.001), lower pathological stages (p<0.001), and no lymphatic invasion (p=0.005) generally had higher TMB (Figures 2B, D, E, G). However, no significant correlations were observed between TMB and gender, AJCC-T stage, and AJCC-M stage (Figures 2C, F, H). As we all know, HPV infection is a risk factor for HNSCC and CESC. We also analyzed the relationship between HPV status and TMB in HNSCC and CESC. But the result showed no significant association between TMB and HPV infection (Figure 2I). Furthermore, TMB differed considerably among the four types of SCCs, with the highest TMB in LUSC (Figure 2J, p<0.001).


Table 1 | Clinical characteristics of 1326 patients with SCC from TCGA database.






Figure 2 | Prognosis of TMB and association with clinical characteristics (A) Patients with low TMB had better prognosis In HNSCC and ESCC. Patients with high TMB had better prognosis in LUSC and CESC. (B, D, E, G) Patients with older age, smoking history, lower pathological stage, and no lymphatic invasion had higher TMB. (C, F, H) No significant correlations were observed between TMB and gender, AJCC-T stage, and AJCC-M stage. (I) There was no significant correlation between TMB and HPV infection. (J) TMB was significantly different among the four types of SCCs, with the highest TMB in LUSC.





Differentially Expressed Genes Between Two TMB Groups and Functional Pathway Analysis

1282 DEGs with FDR <0.05 and∣|log (fold change) > 1| were screened by “limma” package, including 876 upregulated genes and 406 downregulated genes in high-TMB group. The expression of the top 40 DEGs in the two TMB groups was shown by heatmap (Figure 3A). In GO enrichment analysis, it was found that DEGs were mainly involved in muscle system process, the activity of epidermal cells and immune-related functions (Figure 3B). According to KEGG pathway analysis, DEGs was found in immune signal mediation, cytochrome P450, cytokine regulation and other signaling pathways (Figure 3C).




Figure 3 | Transcriptome analysis of high TMB and low TMB groups (A) The heatmap showed the top 40 DEGs between two TMB groups. (B) GO analysis revealed that DEGs were involved in muscle system process, the activity of epidermal cells and immune-related function. (C) KEGG pathway analysis of DEGs was found in immune signal mediation, cytochrome P450, cytokine regulation signaling pathways.





Comparison of Immune Cell Infiltration

CIBERSORT algorithm was used to estimate the relative proportion of 22 immune cells represented by various colors in each SCC sample (Figure 4A). Then, we compared the differences of immune cell infiltrations between low-TMB group and high-TMB group in these four types of SCCs. In the violin plot, low-TMB group was represented in green, while high-TMB group in red (Figures 4B, C). It was found that high-TMB group had more CD8 T cells in LUSC and CESC (p=0.008, p=0.012), less CD4 memory resting T cells in LUSC (p=0.004), more CD4 memory activated T cells in LUSC and CESC (p=0.014, p=0.030), more follicular helper T cells in LUSC (p=0.012), less regulatory T cells in ESCC, LUSC and CESC (p=0.024, p=0.011, p=0.025), more resting NK cells in HNSCC (p=0.047), more activated NK cells in LUSC (p=0.006), less monocytes in ESCC (p=0.044), more macrophages M1 in LUSC and CESC (p<0.001, p=0.010).




Figure 4 | Comparison of immune cell infiltrations in different types of SCCs (A) 22 immune cells proportion in each SCC sample were shown in barplot. (B, C) Immune cell infiltrations were different between two TMB groups in HNSCC, ESCC, LUSC and CESC.





Immune-Related DEGs and Prognostic Model

1695 immune-related genes were downloaded from the immune omics database. Then, we identified 98 immune-related DEGs that overlapped between immune-related genes and DEGs through “VennDiagram” package (Figure 5A). Then four hub genes (CHGB, INHBA, LCN1 and VEGFC) related to prognosis were selected from 98 immune-related genes via univariate and multivariate cox analysis. The survival curve showed that high expression of these four genes was associated with poor prognosis (Figures 5B–E). To explore the significance of hub genes in assessing the prognosis of SCC patients, the following formula was used to calculate risk score for each patient: risk score= -0.0243×expression of LCN1+0.0029×expression of CHGB+0.0041×expression of INHBA+0.0121×expression of VEGFC. We classified patients into high and low risk groups based on the median risk score. The results showed that the high-risk group had worse prognosis (Figure 5F, p<0.001). The area under the curve (AUC) was 0.613 (Figure 5G), which had certain predictive value.




Figure 5 | Construction of prognostic model for SCC (A) Immune-related DEGs was shown in Venn plot. (B–E) High expression of hub genes was associated with poor prognosis. (F) The high-risk group had worse prognosis. (G) The area under the curve (AUC) was 0.613.





Analysis Based on TIMER Database

We explored the relationship between copy number alteration (CNA) of prognosis-related hub genes and immune cell infiltration via TIMER database “SCNA” module. Comparing with diploid/normal expression of hub genes, we found that CNA of hub genes could reduce immune cell infiltration, including B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells (Figures 6A–D).




Figure 6 | Association between somatic copy number alteration (CNA) of prognosis-related hub genes and immune cell infiltration levels. (A–D) CNA of hub genes could reduce immune cell infiltration. * means p< 0.05, ** p< 0.01, *** p< 0.001.






Discussion

Immunotherapy subverts the previous concept of anti-tumor therapy, which shifts from relying on the outside world to relying on the own immune system to kill cancer cells. However, the clinical application of immunotherapy still has significant complexity and uncertainty, and still faces some challenges related to efficacy and safety. Although many studies are currently exploring the mechanisms of antitumor immunotherapy, the understanding of biomarkers that predicts immunotherapy sensitivity and drug resistance is still preliminary. PD-L1 expression is one of the most studied predictive markers, and several anti-tumor immunotherapy drugs based on PD-L1 protein expression have been approved for marketing (13). However, PD-L1 is not always a perfect biomarker due to the heterogeneity and instability inherent in tumors (14). Therefore, several candidate biomarkers have been extensively studied, including DNA mismatch repair defects (dMMR), microsatellite instability (MSI), tumor-infiltrating lymphocytes (TILs), tumor mutation burden (TMB), and so on.

A number of studies have shown that TMB is associated with immunotherapy efficacy in a variety of tumors. The anti-tumor effects of the immune system depend on its effective recognition of antigen. A few somatic mutations in tumors can produce neoantigens that can be recognized and targeted by the immune system. Importantly, not all mutations produce neoantigens. In fact, only a few mutations can produce neoantigen-containing peptides. These peptides are processed by antigen-processing mechanisms and loaded onto the major histocompatibility complex (MHC), and even fewer are recognized by T cells (15–17). Therefore, the prevailing view is that the more mutations detected, the more probable it is to generate neoantigens, and the more likely these neoantigens are to be immunogenic and trigger T-cell responses. TMB was first identified as a biomarker for immune checkpoint inhibitors in melanoma (18). Recently, the Food and Drug Administration (FDA) approved pembrolizumab for adult and pediatric patients with TMB > 10Mut/Mb. This approval was based on efficacy data from 10 refractory solid tumor cohorts participated in a multicenter, non-randomized, open-label study KEYNOTE-158 (19). The number of somatic mutations varied significantly across many tumor types, with melanoma having the highest number of mutations, followed by non-small cell lung cancer and other squamous cancers, and leukemia and certain childhood cancers having the lowest number of mutations (20, 21). In addition, the predictive value of TMB for overall survival was inconsistent among different cancers. There are some limitations to the potential use of TMB in practice, making this approval highly controversial (22). It can be seen that TMB as a possible universal biomarker of pan-cancer has certain advantages, but also has inherent limitations.

Tumor development is closely related to genetic mutations of key molecules. Most of the mutations found in tumors are already present in normal tissue, so the accumulation and combination of these mutations may be more important than their occurrence alone (23). The types and frequency of mutations also vary widely among different typs of tumors. This study systematically analyzed mutation profiles in four common squamous cell carcinomas, which has certain clinical significance for precision immunotherapy.

First, we focused on analyzing the differences in the mutational status of four SCCs. Single nucleotide mutations are caused by the substitution of a single base. The changes are related to prediction of disease, response to drugs and tumor pathogenesis. Mutations are usually enriched in a specific local sequence situation. For instance, ultraviolet induced pyrimidine dimers, whose faulty repair results in C>T mutations of at CpC or TpC dinucleotides. The mutations associated with smoking were mainly C > A mutations (24). Certain genetic mutations appear to be more frequent or potentially specific in specific squamous cell carcinomas. The most common mutated genes were TP53 and TTN in HNSCC, ESCC and LUSC. Differently, the most common in CESC were TTN and PIK3CA. As one of the most important tumor suppressor genes, P53 plays a critical role in tumor development because it controls cell growth, apoptosis and regulates angiogenesis. Missense mutations of TP53 lead to the expression of a conformationally altered stable protein that has negative activity against wild-type P53 and has also acquired functional carcinogenic activity. Thus, mutation of only one TP53 allele may result in a significant oncogenic phenotype (25, 26). TTN, the second most mutated gene in solid tumors, is the gene encoding the sarcomere protein, which plays a key structural, developmental and regulatory role in heart and skeletal muscle (27). TTN mutation predicts higher TMB and correlates with the response rate to immune checkpoint blockade (28). It is also found that the frequency of gene mutation is positively correlated with the length of exon. TTN is the gene with the longest exon length in the whole genome. As the second longest gene in the genome, MUC16 has a high mutation frequency, which is associated with significant tumor mutation load. This result also supports the correlation between higher mutational load and mutational status of genes with long exons (29). Previous studies have found that patients with TTN/TP53 dual mutations have better benefits in OS and DFS compared with patients with TTNWT/TP53MT status, suggesting that TTN and TP53 mutations may have synergistic effects in LUSC (). PIK3CA is the most commonly mutated gene in human papillomavirus (HPV) associated squamous cell carcinoma and is an important factor in predicting the prognosis of cervical cancer patients (31–33).

Moreover, we analyzed the correlation of TMB with prognosis and clinical traits. In our study, high TMB was associated with smoking and HPV negative. Some mutational processes can lead to high TMB, such as POLE/POLD1 mutation, mismatch repair deficiency, UV light, tobacco smoking, AID/APOBEC activation. Thus, cancers associated with chronic mutagen exposure, such as lung cancer (tobacco) and melanoma (UV), show higher TMB (25). This may be the reason why LUSC has the highest TMB in these four types of SCCs. Smoking-related mutations have been found to be associated with responses to checkpoint blockade and thus may underlie some tumor responses to PD-1 pathway blockade (10). However, TMB may have different effects on tumor immunity depending on anatomic location. In HNSCC, smoking is mainly immunosuppressive. In LUSC, it’s more conducive to inflammatory response (24). After HPV infection, the E7 oncoprotein was found to cause centrosomal abnormalities that disrupt mitosis and increase the risk of chromosome misalignment and aneuploidy, while chromosome instability may lead to increased genetic mutations. In theory, HPV-positive patients should have higher TMB values (34). We also found that older patients had higher TMB. This has also been confirmed in previous studies. TMB increases significantly with age, with a 2.4-fold difference between 10 and 90 years old (35).

In addition, it was found that TMB related DEGs were enriched in the regulation of immune system and muscular system through GO and KEGG pathway analysis. We also identified four immune-related DEGs that were strongly associated with poor prognosis, including: CHGB, INHBA, LCN1 and VEGFC. CHGB was first identified in pheochromocytoma and encodes proteins that are mainly expressed in endocrine cells and neurons (36). Abnormal expression of CHGB gene has been reported in many tumor types, and its upregulated expression is highly correlated with metastasis (37, 38). INHBA, encoding a member of the TGF-beta superfamily of proteins, has been shown to be associated with poor prognosis in a variety of solid tumors39). The molecular mechanism and tumor-promoting function of INHBA remain unclear. Currently, most hypotheses focus on metastasis. Wamsley et al. suggested that activins were necessary to maintain a cancer stem cell-like phenotype and contribute to metastasis of NSCLC (40). 41 also confirmed this viewpoint in HNSCC (41). LCN1 (lipocalin-1), known as tear lipocalin, is mainly expressed in secretory glands and tissues (42). It has been reported that LCN1 overexpression is an independent predictor of poor prognosis in breast cancer (43). However, few studies have investigated its expression level in other malignant tumors. Vascular endothelial growth factor C (VEGFC), an activator of lymphangiogenesis, plays an important role in promoting lymph node metastasis and tumor progression (44).

Based on the plotted survival curve, we found that LUSC and CESC patients with high TMB were significantly associated with better survival, while HNSCC and ESCC patients with high TMB had poor prognosis. The mechanism behind this association may lie in the significant differences in immune cell invasion density and immune activity between low and high TMB subtypes of these cancers (45). We analyzed the association between TMB and immune cell infiltration in squamous cell carcinoma and found that these associations were often related to the type of cancer. It can be seen in the violin plot of immune cell infiltration, high-TMB group had more CD8 T cells and less regulatory T cells in LUSC and CESC. McGrail et al. analyzed somatic mutation data from more than 10,000 patients in the TCGA database and determined the association between predicted neoantigen load and CD8 T cells. They found that in cancers where CD8 T cell levels were positively correlated with neoantigen load, such as melanoma, lung cancer, and bladder cancer, high-TMB tumors had significantly higher ORR than low-TMB tumors (21). A retrospective study also showed that increased CD8+ T cell infiltration and increased CD8+ T cell/regulatory T cell ratio were positively associated with ICB treatment response (46).

Macrophages are important immune cells in tumor microenvironment and can be polarized into subtypes with different functions in different microenvironments, including M1 and M2 macrophages. M1 macrophages secrete cytokines such as TNF-α, which have anti-tumor, anti-angiogenesis and activation of adaptive immunity. Tumor-associated macrophages (TAMs) is an important regulator of tumorgenesis, usually manifested as M2 subtype. It inhibits Th1 immunity by promoting tumor angiogenesis and invasion and is associated with poor prognosis (47). In this study, we found that the group with high TMB had higher macrophage M1 infiltration in LUSC and CESC. This may also be one of the reasons why high TMB group has better prognosis in LUSC and CESC. In clinical trials, it could be used to stratize patients and assign the most appropriate treatment according to the type of target cell, thus increasing the chances of overall success.

Inevitably, there were also a few limitations in the investigation. This study was a retrospective analysis using public database and the results have not been validated in prospective clinical trials. Therefore, relevant conclusions need to be further studied. Although further validation is required, these results may provide new insights into the determinants of immunotherapy response to SCCs.



Conclusions

Based on TCGA database, this study systematically elaborated the effect of TMB on the prognosis and the relationship between TMB and immune cell infiltration of SCCs. We found that TMB has different effects on prognosis in SCCs at different anatomical sites, which may be related to the difference in immune cell infiltration. In addition, we identified 4 hub genes associated with prognosis and constructed a risk prognosis model. However further studies are needed to verify the clinical application of this prognostic model. Overall, new insights can be gained by regarding different SCCs as a whole.
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Objective

Our goal is to construct an immune-related gene prognostic risk index (IRGPRI) for pancreatic adenocarcinoma (PAAD), and to clarify the immune and molecular features in IRGPRI-defined PAAD subgroups and the benefit of immune checkpoint inhibitors (ICIs) therapy.



Method

Through differential gene expression analysis, weighted gene co-expression network analysis (WGCNA), and univariate Cox regression analysis, 16 immune-related hub genes were identified using the Cancer Genome Atlas (TCGA) PAAD dataset (n = 182) and immune gene set. From these genes, we constructed an IRGPRI with the Cox regression method and the IRGPRI was verified based on the Gene Expression Omnibus (GEO) dataset (n = 45). Then, we analyzed the immune and molecular features and the benefit of ICI therapy in IRGPRI-defined subgroups.



Results

Five genes, including S100A16, CD40, VCAM1, TNFRSF4 and TRAF1 were used to construct IRGPRI. As with the results of the GEO cohort, the overall survival (OS) was more favorable in low IRGPRI patients versus high IRGPRI patients. The composite results pointed out that low IRGPRI was associated with immune response-related pathways, high level of CTLA4, low KRAS and TP53 mutation rate, more infiltration of activated memory CD4+ T cells, CD8+ T cells, and more benefits from ICIs therapy. In comparison, high IRGPRI was associated with cancer-related pathways, low expression of CTLA4, high KRAS and TP53 mutation rate, more infiltration of M2 macrophages, and less benefit from ICIs therapies.



Conclusion

This IRGPRI is an encouraging biomarker to define the prognosis, immune and molecular features, and benefits from ICIs treatments in PAAD.





Keywords: pancreatic adenocarcinoma, immune gene, prognosis, immunotherapy, CTLA4



Introduction

Pancreatic adenocarcinoma (PAAD) is a high-graded neoplasm of digestive system, with a 5-year survival rate of lower than 10% (1). PAAD is predicted to become the second-leading cause of cancer death by 2030 (2, 3). Owing to lifestyle changes, the global incidence of PAAD is expected to increase (4). In clinical practice, histological grading, tumor staging and molecular classification may be employed to assess in the prognosis of PAAD patients. However, these clinicopathological features generally cannot provide accurate prognostic information for patients (5). Some inflammatory molecules are involved in the prognosis of PAAD patients; however, their sensitivity and specificity are not robust enough (6). Currently, some researches pay attention to the immune-related gene signatures in the prognosis of PAAD (7–9). For example, Zhang Q’s team built a prognostic model of PAAD using 3 lncRNA pairs (10). Bu F and his colleagues construct a prognostic model of PAAD using 18 immune-related gene pairs (11). Nevertheless, few studies tried to build the prognostic model of PAAD based on the immune-related central genes. Here, we screened immune-related central genes associated with the patient prognosis through weighted gene co-expression network analysis (WGCNA). Meanwhile, few studies pay attention to immune features and immunotherapy of PAAD at the same time.

The treatment of PAAD remains a major challenge, and surgery is an option of the highest priority. However, only 15~20% patients are suitable for resection, and 80% of those who undergo surgery will recur (12). Radiotherapy and chemotherapy have been shown to benefit patients with PAAD and improve the overall survival; however, the survival rate remains low (13). There is no therapeutic drug that can provide nonsurgical candidates with long-term benefits (13). Immunotherapy is an exciting new anticancer therapy that activates the immune system to identify tumor-specific antigens (14, 15). Clinical trials of PAAD have showed that immunotherapy has a good application prospect in the treatment of PAAD (16). In addition, resistant individuals are better candidates for immunotherapy (17). Immune checkpoint inhibitor (ICI) therapy, such as those targeting cytotoxic T lymphocyte-associated protein 4 (CTLA4), programmed death-ligand 1 (PD-L1) and programmed death 1 (PD1), have been shown to be significantly beneficial for the survival versus traditional therapies (1–5). For PAAD, anti-CTLA4 therapy leads to an enhanced anti-tumor immune response (18, 19). However, a variety of factors may affect the effectiveness of immunotherapy, such as the tumor microenvironment (TME), and few immunogene-based biomarkers are good predictors of the patient prognosis. Identifying potential prognostic markers associated with treatment benefits is conducive to the individualize immunotherapy of PAAD patients. Therefore, it is urgent to identify indicators that can predict the prognosis and immunotherapeutic effect of PAAD.

Here, we aimed to explore prognostic markers for PAAD that could predict the results of traditional therapy and suggest the value of immunotherapy. By focusing on all immune-related genes (IRGs) in PAAD transcriptome data, the present study was designed to screen IRGs associated with the patient prognosis through WGCNA, and construct the IRGPRI. Subsequently, we described the molecular and immunological characteristics of IRGPRI and detected its ability to predict the patient prognosis and ICI therapy efficacy. The results suggest that IRGPRI is an encouraging prognostic biomarker.



Methods


Datasets and patients

The RNA sequence data (RNA-seq data) and clinicopathological information of 182 PAAD samples (178 cancer samples vs. 4 para-cancer samples) were obtained from the TCGA database (https://portal.gdc.cancer.gov/). Additionally, RNA-seq data of 45 PAAD samples (GSE28735) and their survival information were obtained from the GEO database. Expression data in human renal cell carcinoma samples (GSE67501) and metastatic melanoma (GSE115821) from patients who did or did not respond to ICI therapy were also obtained from the GEO database. The IRG list was derived from the ImmPort (https://www.immport.org/shared/home) databases and InnateDB (https://www.innatedb.ca/).



Identification of immune-related hub genes

According to the RNA-seq data of PAAD samples (178 cancer samples vs. 4 para-cancer samples) derived from TCGA, lists of genes in different expressions (p < 0.05, |log2FC| > 1) were determined with the limma package of R. From InnateDB and ImmPort, we obtained the immune-related gene lists. IRGs in different expressions were obtained and analyzed with Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses by using the clusterProfiler package of R.

Then, hub genes were determined by WGCNA. First, calculated the Pearson correlation coefficient between two genes, according to the expression data to design the similarity matrix, and then using a network type of a signed and soft threshold β = 6 to convert into an adjacency matrix, followed by transformation into a topological matrix by using the topological overlap measure (TOM) indicating the degree of correlation between genes. 1-TOM was selected as the distance to cluster the genes, and then a dynamic pruning tree was constructed to determine the modules. In the end, three modules were identified by assigning the merging threshold function as 0.3. Based on the genes of notably related modules (the turquoise and blue modules), the network was constructed by between-gene edges at the weight of more than 0.3. The genes in turquoise modules were used for subsequent analyses, of which 16 significantly survival-associated IRGs were used for further analyses (p < 0.05, log-rank test).



Construction and verification of the IRGPRI

Among 16 immune-related hub genes, based on multivariate Cox regression analysis, the five genes that had a significant effect on OS were employed to construct an IRGPRI. In the Cox model, we calculated the IRGPRI of each sample as per the formula: IRGPRI = [Expression level (certain genes) × gene coefficient]. The prognostic ability of the IRGPRI was assessed by K-M survival curve and log-rank test with both GEO and TCGA cohorts. Univariate and multivariate Cox regression analyses were performed to verify the independent prognostic value of IRGPRI.



Thorough assessment of molecular and immunologic features and ICI therapy in high IRGPRI and low IRGPRI groups

For signaling pathway analysis, limma package of R was used for analyzing low IRGPRI (n = 89) and high IRGPRI (n = 88) samples by differential expression analysis of all genes. The clusterProfiler package of R (p < 0.05) was used to preform gene set enrichment analysis (GSEA) method on GO and HALLMARK gene sets, in order to identify the signaling pathways where genes in different expressions were implicated. GSVA package of R was utilized for single sample GSEA (ssGSEA) analysis of several typical gene sets. For gene mutation analysis, genetic alteration data were downloaded from the TCGA database. Then, we performed correlation analyses to analyze the correlation between IRGPRI and the expression of CTLA4 and PD-L1 (CD274).

To determine immune features of PAAD samples, their expressions were input into CIBERSORT (https://cibersort.stanford.edu/) with 1,000 iterations to calculate the relative percentage of 22 classes of immune cells. Next, we made a comparison of the obtained percentage and clinicopathological factors between two IRGPRI subgroups, and assessed the results by means of a landscape map.



Statistical analysis

Using an independent t-test, we carried out comparison of continuous variables between high IRGPRI and low IRGPRI groups. Categorical data were analyzed by the chi-square test. Beyond that, univariate survival analysis was completed by Kaplan-Meier survival analysis and the log-rank test. Multivariate survival analysis was conducted in the Cox regression model. A two-sided p-value < 0.05 was accepted as statistically significant differences.




Results


Immune-related hub genes

By differential expression analysis (178 cancer samples vs. 4 normal samples), 1672 genes in different expressions were obtained (Figure S1A). Through intersection of these genes with IRGs from InnateDB and ImmPort, 245 IRGs in different expressions were identified (Figure S1B). There was a remarkable association of 245 genes in different expressions with 1058 GO terms and 67 KEGG pathways, as indicated by functional enrichment analysis (Table S1). Top 8 GO terms and KEGG pathways are provided in Figure S1C and S1D.

To determine the immune-related hub genes, we performed WGCNA analysis on the candidate genes (n = 245). A negative correlation was observed between the logarithm log(k) of the node with connectivity K and the logarithm log (P (k)) of the probability of the node. According to the scale-free network, the best soft-thresholding power was 6 (Figure S2). According to the best soft-thresholding power and the average linkage hierarchical clustering, 3 modules were identified (Figures 1A, B), to which 245 genes were assigned. Based on the Pierson correlation coefficient between the module and sample characteristics of each module, turquoise and blue modules were strongly associated with PAAD. There were 24 edges and 20 genes for the blue module, 1489 edges and 88 genes for the turquoise module of the networks with a threshold weight of more than 0.3 (Figures 1C, D). Thus, the genes in the turquoise module were used for further analyses. We obtained all 116 genes in the turquoise module. We determined that the expression level of 16 immune-related hub genes of them was strongly correlated with OS of PAAD patients, as shown in Figure 2 and Figure 3A.




Figure 1 | Immune-related hub genes. (A) Weighted gene coexpression network analysis (WGCNA) of immune-related differentially expressed genes with a soft threshold β = 6. (B) Gene modules related to PAAD obtained by WGCNA. (C) The network of the genes in the turquoise module (weight of edge > 0.3). (D) The network of the genes in the blue module (weight of edge > 0.3).






Figure 2 | Kaplan-Meier curves of 16 immune-related hub genes. Kaplan-Meier survival analysis of 16 immune-related genes in TCGA cohort.






Figure 3 | Prognostic analysis of different IRGPRI subgroups. (A) Univariate Cox analysis of 16 immune-related hub genes. (B) Univariate Cox analysis of clinicopathological factors and the IRGPRI score. (C) Multivariate Cox analysis. (D) Kaplan-Meier survival analysis of the IRGPRI subgroups in the TCGA cohort. (E) Kaplan-Meier survival analysis of the IRGPRI subgroups in the GEO cohort (GSE28735).





Survival outcomes in different IRGPRI groups

The prognostic index was constructed for each cancer sample calculated by the coefficient in Table S2.

In univariate Cox regression analysis, IRGPRI, grade, and age were notably associated with the prognosis of PAAD (Figure 3B). Later, IRGPRI was proven to be an independent prognostic factor by multivariate Cox regression analysis, (Figure 3C and Table S3).

With the cutoff value of the median IRGPRI, low IRGPRI patients achieved better OS than high IRGPRI patients based on the TCGA dataset (p < 0.001, log-rank test) (Figure 3D). The roles of IRGPRI were then validated by the GSE28735 PAAD dataset (n = 45). In Figure 3E, patients in the low IRGPRI subgroup achieved a notably favorable prognosis versus high IRGPRI subgroup (p = 0.010, log-rank test).



Molecular features in different IRGPRI subgroups

Enriched gene sets in different IRGPRI subgroups were determined by GSEA. Some cancer-related pathways were observed in high IRGPRI samples (Figure 4A), while enriched gene sets of low IRGPRI samples were identified in some immune response-related pathways (Figure 4B).




Figure 4 | Molecular characteristics of different IRGPRI subgroups. (A) Gene sets enriched in IRGPRI-high group. (B) Gene sets enriched in IRGPRI-low group. (C, D) Significantly mutated genes in the mutated PAAD samples of IRGPRI-high group (C) and IRGPRI-low group (D). Mutated genes (rows) are ordered by mutation rate; samples (columns) are arranged to emphasize mutual exclusivity among mutations. The right shows mutation percentage, and the top shows the overall number of mutations. The color-coding indicates the mutation type.



Next, gene mutation analysis was performed to obtain further biological information on the immunological nature of the IRGPRI subgroups. Missense variation was identified as the most common mutation, followed by nonsense and frameshift insertion. Top 20 genes with the greatest mutation rate were then determined in the IRGPRI subgroups. In both groups, the mutation rates of KRAS, TP53, CDKN2A, and SMAD4 were all greater than 15%. The high IRGPRI subgroup showed more mutations of KRAS, TP53, and MUC16 genes (Figure 4C), while the low IRGPRI subgroup had more mutation of RNF43 genes (Figure 4D).

Subsequently, the association of IRGPRI score with CTLA4 expression and PD-L1 was explored. We found that the IRGPRI score was negatively correlated with CTLA4 (r = -0.34, p < 0.001), as shown in Figures 5A–D. Meanwhile, the association of IRGPRI score with marker genes of cell proliferation and migration was explored. We found that the IRGPRI score was positively correlated with PCNA (r = 0.25, p < 0.001), MKI67 (r = 0.38, p < 0.001) and MMP14 (r = 0.27, p < 0.001), as shown in Figures S3A–F.




Figure 5 | The relationship between IRGPRI score and the expression levels of PD-L1 or CTLA4. (A) Correlation analysis between IRGPRI and PD-L1. (B) PD-L1 in different IRGPRI subgroups. (C) CTLA4 expression in different IRGPRI subgroups. (D) Correlation analysis between IRGPRI and CTLA4 expression.





Immune cell infiltration and function in different IRGPRI subgroups

To detect the constituents of immune cells in the IRGPRI subgroups, Wilcoxon test was performed to compare the distribution of immune cells in high- and low- IRGPRI subgroups. We found more abundant activated memory CD4+ T cells, B cell native and Tregs in the low IRGPRI subgroup, and more M2 macrophages, Mast cells resting and activated NK cells in the high IRGPRI subgroup (Figure 6A). Figure 6B displayed the features related to the immune landscape of different IRGPRI subgroups, including the clinicopathological features.




Figure 6 | The landscape of the TME in PAAD and the characteristics of different IRGPRI subgroups. (A) The proportions of TME cells in different IRGPRI subgroups. (B) The IRGPRI grouping and proportions of TME cells for PAAD patients in the TCGA cohort. Age, Gender, Grade, Tumor stage, T, N, and survival M are shown as patient annotations. (C) The molecular and immune-related function of different IRGPRI subgroup. (*p < 0.05, **p< 0.01, ***p < 0.001).



Then, we defined the molecular and immune function between different IRGPRI subgroups by certain gene signatures. There were more CD8+ T cells, checkpoints, T cell co-stimulation in the low IRGPRI subgroup (Figure 6C).



Relationship between IRGPRI grouping and clinical and immune subtypes

We could find from Figure 7A and Figure S4 that the proportion of the TNM stage was almost equally distributed between low- and high- IRGPRI groups, but there were more Grade 1 samples and fewer Grade 3/4 samples in the low IRGPRI group versus the high IRGPRI group (p = 0.033, chi-square test). In Figure 7B, more C1 immune subtypes were found in the high IRGPRI group and more C3 immune subtype were found in the low IRGPRI group (p = 0.001, chi-square test).




Figure 7 | Relationship between IRGPRI grouping and clinical and immune subtypes.(A) Heat map and table showing the distribution of PAAD grade (G1, G2, G3 and G4) between the IRGPRI subgroups. (B) Heat map and table showing the distribution of PAAD immune subtypes (C1, C2, C3 and C6) between the IRGPRI subgroups.





Relationship between IRGPRI grouping and immunotherapy

Due to the lack of public data on PAAD immunotherapy, we can only select other tumor immunotherapy data to verify the predictive role of IRGPRI model. In order to further explore the predictive role of IRGPRI model in immunotherapy, we analyzed the expression data in samples from human renal cell carcinoma patients who did or did not respond to anti-PD-1 immunotherapy (GSE67501). The results showed that the risk score in patients who did not respond to anti-PD-1 immunotherapy (stable disease or progressive disease) was higher than it in patients who responded to anti-PD-1 immunotherapy (complete response or partial response) (Figure 8A). Moreover, we performed receiver operating characteristic (ROC) analysis to determine the diagnostic value of risk score in ICI therapy efficacy, and the area under the ROC curve is 0.857 (Figure 8B). Then we analyzed the expression data in metastatic melanoma samples from patients who did or did not respond to ICI therapy (GSE115821). The results also showed that the risk score in patients who did not respond to ICI therapy was higher than it in patients who responded to ICI therapy (Figure 8C). And the area under the ROC curve is 0.784 (Figure 8D). The above results suggest that IRGPRI may be a potential prediction model for predicting the efficacy of immunotherapy. The graphical abstract of our research is shown in the Figure S5.




Figure 8 | Immunotherapy efficacy in different IRGPRI subgroups. (A) The risk score in patients who did or did not respond to anti-PD-1 immunotherapy. (B) Diagnostic value of risk score by ROC curve in GSE67501. (C) The risk score in patients who did or did not respond to ICI therapy. (D) Diagnostic value of risk score by ROC curve in GSE115821. (*p < 0.05 and **p< 0.01).






Discussion

The role of immune cells that constitute the TME in tumor progression has been recognized (20). Increasing evidence indicates that immune gene characteristics may be prognostic or predictive factors of PAAD (21, 22). Immunotherapy has been confirmed as an effective option for PAAD patients (23–25). Given that the immunosuppressive microenvironment of PAAD can affect the efficacy of immunotherapy (26–28), it is crucial to determine which patients will benefit most from these treatments. Although different prognostic markers for PAAD have been evaluated for multiple years, we still cannot find an effective biomarker to predict the prognostic outcomes of PAAD patients and the suitability for immunotherapy. This highlights the need to identify biomarkers for the PAAD prognosis and the efficacy of immunotherapy.

WGCNA is a virtual approach to assisting in identifying potential therapeutic targets or immune-related biomarkers. In this study, based on the PAAD immune gene dataset, WGCNA was used to determine 16 immune-related central genes that affected the OS of patients; and based on S100A16, CD40, VCAM1, TNFRSF4 and TRAF1 that were independent prognostic factors of OS, IRGPRI was constructed. IRGPRI has been proven to be an effective immune-related biomarker for the prognosis of PAAD. In TCGA and GEO arrays, the survival rate was lower in patients with high IRGPRI and higher in those with low IRGPRI.

IRGPRI is composed of five genomes: S100A16, CD40, VCAM1, TNFRSF4 and TRAF1. S100A16 has been shown to be associated with obese, type 2 diabetes mellitus and inflammation via calcium-dependent mechanism (29). Moreover, it has also been found that S100A16 is correlated with the occurrence and progression of many tumors (30–34). S100A16 enhances the progression and metastasis of PAAD via FGF19 mediated AKT and ERK1/2 pathway (30). The study of Gangping Tu, et al. showed that in comparison with the normal pancreas, S100A16 was highly expressed in tissues with PAAD, and the increase of its expression level may be correlated with an unfavorable prognosis of PAAD patients (35). CD40 is a cell surface member of the tumor necrosis factor (TNF) receptor superfamily. An active CD40 is closely related to the tumor immunity (36). VCAM1 expression is associated with the tumorigenesis and unfavorable prognosis of high-grade serous ovarian cancer (37). TNFRSF4 may be a promising immunotherapy target and prognostic biomarker for liver cancer (38). TRAF1 is important in the maintenance of immune function of CD8+T cells (39). In the computation formula of IRGPRI, the coefficient of S100A16, CD40 and VCAM1 is a positive number, while the coefficient of TNFRSF4 and TRAF1 is a negative number. Therefore, IRGPRI is negatively correlated with TNFRSF4 and TRAF1, while IRGPRI is positively correlated with S100A16, CD40 and VCAM1. In conclusion, IRGPRI is a biomarker that is associated with prognosis and tumor immunity.

We investigated gene mutations in different IRGPRI subgroups to further understand the immunological properties of IRGPRI subgroup. KRAS and TP53 mutations are more common in the high IRGPRI samples than those in the low IRGPRI samples. KRAS mutation is correlated with high circulating regulatory T cell levels, both of which indicate poorer prognosis in advanced PAAD patients (40). In addition, TP53 mutation is associated with more aggressive diseases and worse patient prognosis in various cancers (41, 42). KRAS, TP53, SMAD4 and CDKN2A are considered as the major drivers for the occurrence of PAAD. Among 71 patients who received adjuvant chemotherapy and radical surgery, those with less mutations in the four driver genes tended to obtain better outcomes (43). Therefore, as with our survival results, high IRGPRI group with high TP53 and KRAS mutations have a worse prognosis than low IRGPRI group with low TP53 and KRAS mutations.

Then, we will explore the correlation of IRGPRI with known predictive markers for immunotherapy, such as PD-L1 and CTLA4. In general, PD-L1+ and CTLA4+ tumors tend to respond better to immune checkpoint inhibitor therapy than negative tumors (44–46). Similar results were observed in PAAD, although IRGPRI scores were not strongly associated with PD-L1. However, we found a significant correlation between IRGPRI score and CTLA4, suggesting that CTLA4 may help explain why IRGPRI affected the prognosis of immunotherapy to a certain extent.

Understanding the TME may help find new methods for the treatment of PAAD, or modifying the TME may improve the effectiveness of immunotherapy. In the two IRGPRI subpopulations, there are differences in the constituent of certain immune cells and the activity of immune functions. CD8+ T cells, checkpoints, T cell co-stimulation are more active in the low IRGPRI group, while M2 macrophages are more common in the high IRGPRI group. Many studies have uncovered that intensive infiltration of T cells, especially cytotoxic CD8+ T cells, indicates a good prognosis (47–49). M2 macrophage is a major subtype of macrophages in most tumors, that promotes aggressive phenotype formation and tumor growth, and is associated with a poor prognosis of PAAD (50, 51). Meanwhile, there were more C1 immune subtypes in the high IRGPRI group and more C3 immune subtype in the low IRGPRI group. TCGA tumors can be clustered into six immune subtypes. C3 had the best prognosis, while C1 had less favorable outcomes (52). These conclusions also were supported by our study results. This implies that the high IRGPRI group has immunosuppressive characteristics, while the low IRGPRI group has better tumor immunity potential.

In order to further explore the predictive role of IRGPRI model in immunotherapy, we analyzed immunotherapy sequencing data. Since no sequencing cohort was found for the efficacy of PAAD immunotherapy, we analyzed renal cell carcinoma immunotherapy cohort (GSE67501) and metastatic melanoma immunotherapy cohort (GSE115821). The results showed that the risk score in patients who did not respond to ICI therapy was significantly higher than the risk score in patients who responded to ICI therapy. These results mean that IRGPRI may be a potential prediction model for predicting the efficacy of immunotherapy.

However, there are still some limitations in our study. First, a PAAD immunotherapy cohort is needed to verify the predictive role of IRGPRI in immunotherapy. Second, a prospective cohort study is needed to confirm the prognostic value of this model.

In conclusion, IRGPRI is an encouraging immune-related prognostic marker. IRGPRI may help identify molecular and immune features and predict the prognosis of PAAD patients. Additionally, IRGPRI may have predictive implication for immunotherapy, which should be further verified in further studies.
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Supplementary Figure 1 | Differentially expressed immune-related genes in PAAD. (A) Heatmap displaying all differentially expressed genes (DEGs) between PAAD samples (red) and para-cancer samples (blue) (p < 0.05, |log2FC| > 1). (B) Heatmap displaying immune-related DEGs between PAAD samples (red) and para-cancer samples (blue). (C) Gene Ontology (GO) enrichment analysis of the immune-related DEGs (p < 0.05). (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of the immune-related DEGs (p < 0.05).

Supplementary Figure 2 | Determination of the soft-thresholding power in the WGCNA analysis. As seen from the graph, the optimal soft threshold for WGCNA was 6.

Supplementary Figure 3 | The relationship between IRGPRI score and the expression levels of PCNA, MKI67 or MMP14. (A) PCNA in different IRGPRI subgroups. (B) Correlation analysis between IRGPRI and PCNA. (C) MKI67 expression in different IRGPRI subgroups. (D) Correlation analysis between IRGPRI and MKI67 expression. (E) MMP14 expression in different IRGPRI subgroups. (F) Correlation analysis between IRGPRI and MMP14 expression.

Supplementary Figure 4 | Distribution of TNM stage subtypes in different IRGPRI subgroups. Heat map and table showing the distribution of PAAD stage (Stage 1, Stage 2, Stage 3 and Stage 4) between the IRGPRI subgroups.

Supplementary Figure 5 | Graphical Abstract.
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Objective

Recently, immune checkpoint inhibitor (ICI) treatment has shown encouraging performance in improving the prognosis of hepatocellular carcinoma (HCC) patients. The gut microbiome plays a vital role in altering the efficacy of ICIs, which may be impacted by antibiotics. The aim of the meta-analysis is to estimate the influence of antibiotic use on the survival of HCC patients treated with ICIs.



Methods

The literature review was conducted using databases like PubMed, EMBASE, Cochrane Library, CNKI, WANFANG DATA, VIP, Google Scholar, and ClinicalTrials.gov before May 15, 2022. The primary endpoints were overall survival (OS), progression-free survival (PFS), objective response rate (ORR), and disease control rate (DCR).



Results

A total of six retrospective studies met the inclusion criteria. 1056 patients were included in the study, of which 352 (33.33%) received antibiotic treatment. The meta-analysis results revealed antibiotic use did not affect the OS (HR: 1.41, 95% CI: 0.96-2.08, P = 0.088) and PFS (HR: 1.21, 95% CI: 0.73-2.00, P = 0.459) in HCC patients treated with ICIs. Besides, the use of antibiotics did not reduce the ORR (OR: 1.06, 95% CI: 0.69-1.64, P = 0.784) and DCR (OR: 0.42, 95% CI: 0.09-2.06, P = 0.286) in HCC patients treated with ICIs.



Conclusion

Current evidence reveals that antibiotic use does alter the therapeutic efficacy of ICIs in HCC patients.



Systematic Review Registration

https://www.crd.york.ac.uk/, identifier CRD42022311948.
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Introduction

Primary liver cancer is the sixth most common type of cancer worldwide and ranks third in cancer-related deaths globally, amongst which hepatocellular carcinoma (HCC) accounts for 75-85% of all liver cancer cases (1). The prognosis of HCC is poor since most patients are diagnosed at an advanced stage or have limited liver reserve because of cirrhosis. This makes curative treatments, such as resection or ablative therapy, and liver transplantation difficult. In recent years, there has been significant development in advanced HCC therapeutics (2, 3); however, the effectiveness of systemic treatment like sorafenib is still suboptimal (4). Newer treatments, like multi-kinase inhibitors (regorafenib and cabozantinib) and monoclonal antibodies (ramucirumab), have a low overall survival (OS) of just 8.5-10.6 months (5).

Immune checkpoint inhibitors (ICIs), such as anti-programmed cell death 1 (anti-PD-1)/programmed cell death ligand 1 (PD-L1) and anti-cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) antibodies, are novel and promising therapies that have been effective in prolonging survival in advanced HCC patients (6–9). The advanced HCC treated with nivolumab had an objective response rate (ORR) of 14% and a median OS of 15.1 months (6). More recently, the combination of nivolumab and ipilimumab has shown a manageable safety profile, with an ORR as high as 32% and durable responses (9). According to the promising results of early phase clinical trials, levatinib plus pembrolizumab is considered to have the potential to represent a novel treatment option for HCC patients (10). Despite the favorable outcomes, not all advanced HCC patients respond to ICI treatment. Patients who do not respond to ICI therapy often experience tumor progression and may even suffer severe immune adverse effects, such as pneumonia, myocarditis, and hepatitis, all of which can be fatal (11, 12). Therefore, the search for potential factors influencing its efficacy is extremely necessary for a more targeted selection of treatment populations in clinical practice (13).

In 2015, a heavyweight study correlating the effect of intestinal microbiomes on the efficacy of ICI treatment was published for the first time in Science (14). Next, it has been reported that intestinal microbiomes can influence the anti-PD-1 treatment response in HCC patients, with responders having higher taxonomic richness and more gene counts than non-responders (15, 16). It is well known that antibiotics are the most common clinical cause of alterations in gut flora. Recently, two studies published in the same issue of “liver cancer” have come to opposite conclusions regarding the effect of antibiotics on the efficacy of ICI treatment in HCC (17, 18). Besides, some similar studies have been undertaken throughout the world, but there has been no consensus established. To address these clinical problems, the first meta-analysis was conducted by our team to investigate whether the antibiotics influence the efficacy of ICI therapy in HCC patients. This will provide evidence-based results for the clinical application of antibiotics in HCC patients undergoing ICI treatment, thereby maximizing the clinical benefit for patients.



Methods


Literature search strategies

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines were strictly followed while conducting the meta-analysis (19). The protocol for the meta-analysis is available on PROSPERO (CRD42022311948). The literature review was conducted using databases like PubMed (https://pubmed.ncbi.nlm.nih.gov/), EMBASE (https://www.embase.com/), Cochrane Library (https://www.cochranelibrary.com/), CNKI (https://www.cnki.net/), WANFANG DATA (https://www.wanfangdata.com.cn/), and VIP (http://www.cqvip.com/) before May 15, 2022. “Anti-Bacterial Agents”[Mesh], “Immune Checkpoint Inhibitors”[Mesh], “Liver Neoplasms”[Mesh], “Carcinoma, Hepatocellular “[Mesh], and their entry terms were searched in [All Fields]. Detailed search strategies are presented in Table S1. A gray literature search was performed using Google Scholar to find reports that were not indexed in the previously mentioned databases, such as conference abstracts, presentations, and unpublished trial data. The Clinical Trial Registration Platform, like ClinicalTrials.gov (https://clinicaltrials.gov/), was utilized to search for ongoing trials. Besides, we also manually searched the reference lists of eligible papers.



Study selection criteria

Full-text articles and conference abstracts were included based on the inclusion criteria, which are as follows: (1) patients diagnosed with HCC; (2) patients treated with ICIs; (3) patients divided into the non-antibiotic group and antibiotic group based on the history of antibiotic use; (4) provided at least one of the outcomes of interest [OS, progression-free survival (PFS), ORR, and disease control rate (DCR)]. Articles that failed to report information about subjects, such as sample size and other basic information, were discarded. When studies reported overlapping patient populations, only the article with the most complete data and rigorous methodology was selected.



Data extraction and quality assessment

Data extraction mainly focused on the author, publication year, study type, period, and region, the number of patients, types of ICI treatment, treatment-related outcomes (OS, PFS, ORR, and DCR), covariates of multivariate analysis for OS and PFS, the reason for antibiotic use, types and timing of antibiotic use, and antibiotic (median) duration. If both univariate and multivariate analyses were used to calculate the hazard ratio (HR), the latter was preferred because the result was adjusted for confounding factors and was more accurate. Authors were contacted if the relevant data was not immediately accessible from published abstracts or articles. The Newcastle-Ottawa Scale (NOS) score was applied to estimate the quality of the selected literature 42. Literature with a score ≥ 7 was regarded as high-quality ones. All the above steps were independently cross-checked by two authors (Zhang Lilong and Chen Chen), and all differences were addressed by the senior author (Deng Wenhong and Wang Weixing).



Statistical methods

Statistical analysis was conducted using Stata SE15.0. The relationship between the efficacy of ICI therapy and antibiotic usage was reported as an odds ratio (OR) with a 95% confidence interval (95% CI). The effect of antibiotic use on the risk of survival in HCC patients was calculated using the HR and 95% CI. The chi-square test was applied to determine the statistical heterogeneity among the studies. P > 0.1 and I2 < 50% revealed low heterogeneity where a fixed-effect model was adopted; otherwise, the random-effect model was utilized. The subgroup analysis was carried out to minimize the impact of heterogeneity on the meta-analysis. Publication bias was measured using Begg’s and Egger’s tests. Sensitivity analysis by the leave-one-out method was used to assess the stability of the results. All P values were two-sided, and the statistical significance was set at P < 0.05.




Results


Studies retrieved and characteristics

467 eligible records were screened for their titles and abstracts to check for their eligibility. After a detailed analysis of 14 full-text records, we found that six studies met the inclusion criteria (17, 18, 20–23). The articles by Ren et al. (24) and Jun et al. (25) were excluded from the meta-analysis due to insufficient data and duplicate publication, respectively. The flow diagram of identifying eligible studies is shown in Figure 1. The baseline characteristics and the scores of the quality assessment are shown in Table 1. The score for four articles was 7 or 8 points, and the articles were deemed high-quality. The remaining two studies received 5 and 6 points and were deemed moderate-quality. The information from the survival analysis and antibiotic use was also listed in Table S2.




Figure 1 | The flow diagram of identifying eligible studies.




Table 1 | Baseline characteristics of included studies.





Overall survival

Five studies (18, 20–23) reported median OS, with a mean median OS of 8.275 months, ranging from 3.3 to 15.3 months in the antibiotic group; while the mean median OS in the non-antibiotic group was 12.62 months, ranging from 4 to 17.4 months (Figure S1A). The meta-analysis for OS was performed using survival data from 5 studies (17, 18, 21–23), which included 1016 participants (332 with antibiotics versus 684 with non-antibiotics). As illustrated in Figure 2A, significant heterogeneity was observed in the studies (I2 = 62.0%, P = 0.032), therefore a random-effects model was applied. The results revealed that antibiotic use did not shorten OS in HCC patients treated with ICIs (HR: 1.41, 95% CI: 0.96-2.08, P = 0.088). Begg’s and Egger’s tests indicated no significant publication bias (Begg’s test P = 0.906; Egger’s test P = 0.940). To estimate the influence of each study on the overall meta-analysis, we conducted a sensitivity analysis using the leave-one-out method. The results showed that no single study significantly impacted the pooled HR of OS (Figure 3A). Besides, two Chinese articles were excluded from the analysis to investigate the reliability of the results further. As shown in Figure 2B, excluding the two articles did not change the results (HR: 1.34, 95% CI: 0.84-2.13, P = 0.222). Thus, it would be safe to assume that the meta-analysis results were relatively stable and reliable.




Figure 2 | (A) Meta-analysis of the overall OS. (B) Meta-analysis of OS after excluding Chinese literature. OS: overall survival; HR: hazard ratio; CI: confidence interval.






Figure 3 | (A) Sensitivity analysis of the overall OS. (B) Sensitivity analysis of the overall PFS. OS, overall survival; PFS, progression-free survival; CI, confidence interval.





Progression-free survival

Four cohort studies (18, 21–23) reported median PFS with a mean of 4.95 months ranging from 2 to 6.7 months in the antibiotic group and 5.975 months ranging from 3.7 to 8.9 months in the non-antibiotic group (Figure S1B). Pooled data from 4 studies (18, 21–23) with a total of 621 patients (223 with antibiotics versus 398 with non-antibiotics) was used to assess the association between antibiotic usage and PFS. Due to significant heterogeneity, a random-effects model was used (I2 = 72.7%, P = 0.012). The results revealed no effect of the use of antibiotics on the PFS of HCC patients (HR: 1.21, 95% CI: 0.73-2.00, P = 0.459, Figure 4A). Begg’s test shows no publication bias in the results (P = 0.308), while Egger’s test shows publication bias (P = 0.034). Therefore, the “trim and fill” method was further used to verify the effect of publication bias on the meta-analysis results. We found that the trend of PFS remained unchanged following the correction by the “trim and fill” method. The sensitivity analysis results also confirmed that no single study could substantially affect the pooled HR of PFS (Figure 3B). After excluding the two Chinese articles, the results were still consistent (Figure 4B, I2 = 61.4%, P = 0.107; HR: 0.89, 95% CI: 0.57-1.39, P = 0.608), thereby confirming the reliability of our conclusion.




Figure 4 | (A) Meta-analysis of the overall PFS. (B) Meta-analysis of PFS after excluding Chinese literature. PFS, progression-free survival; HR, hazard ratio; CI, confidence interval.





Objective response rate and disease control rate

Four studies (18, 20–22) with a total of 581 patients (222 with antibiotics versus 359 with non-antibiotics) were included in the meta-analysis of ORR. No significant heterogeneity was included in the studies (I2 = 0%, P = 0.408), and a fix-effects model was applied. We found that antibiotic usage did not reduce ORR in HCC patients treated with ICIs (OR: 1.06, 95% CI: 0.69-1.64, P = 0.784, Figure 5A). No remarkable publication biases were observed using the Begg’s (P = 1.000) and Egger’s tests (P = 0.153).




Figure 5 | Meta-analysis of the objective response rate (A) and disease control rate (B). OR, odds ratio; CI, confidence interval.



The DCR meta-analysis included 3 cohort studies (18, 21, 22) with a total of 522 patients (202 with antibiotics versus 320 with non-antibiotics). Since significant heterogeneity was observed in the included studies (I2 = 82.3%, P = 0.003), a random-effects model was performed. The results revealed no significant difference in DCR between antibiotic and non-antibiotic groups (OR: 0.42, 95% CI: 0.09-2.06, P = 0.286, Figure 5B). Similarly, no remarkable publication biases were observed using the Begg’s (P = 0.296) and Egger’s tests (P = 0.126).

In addition, we also found that the use of antibiotics did not affect the complete response rate (Figure S2A, I2 = 0.0%, P = 0.968; OR: 0.406, 95% CI: 0.040-4.089, P = 0.444) and partial response rate (Figure S2B, I2 = 0.0%, P = 0.532; OR: 0.610, 95% CI: 0.172-2.162, P = 0.444) in the HCC patients with ICI therapy.




Discussion

With the increased use of ICIs in cancer therapeutics, tremendous effort has been made to uncover possible factors that impact its efficacy. Among the identified factors, a growing body of evidence has indicated a crucial role for the intestinal microbiome (26). Frequent use of antibiotics interferes with intestinal flora, and its effect on the efficacy of ICIs has recently sparked an intense debate (27). Currently, several meta-analyses have revealed that antibiotic administration may be related to poor prognosis in tumor patients receiving ICIs (28–31). However, these studies are focused on lung, melanoma, bladder, and kidney cancers, and no studies on liver cancer have been conducted. To the best of our knowledge, this is the first meta-analysis that investigated the relationship between antibiotics and ICI efficacy in the treatment of HCC. We present all the available evidence to confirm that antibiotic use does not impact the prognosis and response in HCC patients treated with ICIs. Publication bias and sensitivity analyses further confirmed the dependability of our results.

It has been established that in patients with chronic liver disease, intestinal barrier dysfunction allows for increased intestinal bacterial translocation (32). Long-term exposure to lipopolysaccharide from intestinal microbiomes is crucial to the development of cirrhosis and HCC by activating the TGF-β pathway, which is an important molecular driver for anti-apoptotic and proliferative signaling in hepatocyte (33, 34). Once HCC is established, the gut-liver axis keeps up to affect the anti-tumor immune response and perturbation of the intestinal bacteria, in which antibiotics have a direct impact on the tumor microenvironment (35). The general deleterious effect on the outcomes of antibiotic use in malignancy is considered to be related to the detrimental impact of antibiotics on decreasing the diversity and taxonomy of the gut microbiome, causing a reduction in Bifidobacteria, Ruminococcus, and Akkermansia, while favoring the growth of other specific bacteria, such as Bacteroides  (16, 36). Such bacteria can induce immunosuppression by promoting myeloid-derived suppressor cells, FOXP3+ and CD4+ CD25+ T-regulatory (Treg) cells, and by producing prostaglandins, which negatively correlate with the ICI response (37).

HCC differs from other cancers in that it develops in the context of cirrhosis, a pathological state already linked to immunosuppressive microbiota (38). Cirrhosis is accompanied by a dysbiosis of intestinal microbiota, with an increase in immunosuppressive bacteria and a decrease in beneficial bacteria. Studies in mouse models show a decrease in Bifidobacterium and an increase in gram-negative bacteria, such as Bacteroides and Escherichia Coli, presumably contributing to the progression of HCC (39). Thus, disrupting this immunosuppressive interaction by antibiotics may be a plausible explanation for the no effect of antibiotics on the poor prognosis of HCC patients treated with ICIs. Unlike lung and melanoma cancers, HCC has a distinct immunosuppressive tumor microenvironment (40), due to the abundant recruitment of myeloid suppressor cells and macrophages, which directly suppress cytotoxic T cells and produce chemokines, such as CCL17, CCL18, and CCL22, which further attract Treg cells. Interestingly, Han et al. recently demonstrated that antibiotic-induced microbiota dysbiosis enhances the anti-tumor efficacy of gamma delta T cells during immunotherapy in a mouse model (41). To sum up, the impact of antibiotics on ICI therapy in HCC patients is inconclusive. In the comprehensive meta-analysis of six studies, we found that antibiotic use had no effect on the outcomes of ICI treatment in patients with HCC.

Notably, some inherent limitations do exist in this study. To begin with, we present a meta-analysis that depends on the published articles. The lack of enough data prevented us from conducting subgroup analyses based on the type of antibiotic used, route of administration, duration of use, etc. In addition, the study included mainly Asians, and the total number of patients analyzed was relatively small. Finally, we were unable to examine the association between antibiotic use and ICI-induced adverse events, which should be highlighted in our follow-up work. Therefore, future larger, multi-institutional studies with standardized prospective data collection are needed to further confirm our findings above.



Conclusion

Current evidence reveals that, unlike other oncological indications, antibiotic use does not affect the efficacy of ICI treatment in HCC patients.
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Background

Biomarkers predicting treatment response may be used to stratify patients with pancreatic ductal adenocarcinoma (PDAC) for available therapies. The aim of this study was to evaluate the association of circulating cytokines with FOLFIRINOX response and with overall survival (OS).



Methods

Serum samples were collected before start and after the first cycle of FOLFIRINOX from patients with PDAC (n=83) of all disease stages. Overall, 34 circulating cytokines were analyzed with a multiplex immunoassay. In addition, changes in peripheral blood immune cell counts were determined by flow cytometry to correlate with differences in cytokine levels. Chemotherapy response was determined by CT scans with the RECIST 1.1 criteria, as disease control (n=64) or progressive disease (n=19) within eight cycles of FOLFIRINOX.



Results

Patients with high serum IL-1RA concentrations after one cycle of chemotherapy were less likely to have tumor progression during FOLFIRINOX (OR 0.25, P=0.040). Increase of circulating IL-1RA concentrations correlated with increase of total, classical (CD14+CD16-), and non-classical monocytes (CD14-CD16+), and dendritic cells. In multivariable cox regression, including the variables chemotherapy response outcome and baseline CA19-9 level, serum concentrations of IL-7 (HR 2.14, P=0.010), IL-18 (HR 2.00, P=0.020), and MIP-1β (HR 0.51, P=0.025) after one cycle of FOLFIRINOX showed correlations with OS.



Conclusions

Circulating IL-1RA, IL-7, IL-18, and MIP-1β concentrations are biomarkers associated with FOLFIRINOX response in PDAC patients, suggesting an important role for specific immune cells in chemotherapy response and PDAC progression. Cytokine-based treatment might improve patient outcome and should be evaluated in future studies.
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Introduction

FOLFIRINOX is a combined chemotherapy regimen, including fluorouracil, leucovorin, irinotecan and oxaliplatin. It is currently the standard first-line treatment for locally advanced (LAPC) and metastatic pancreatic ductal adenocarcinoma (PDAC). Although the survival of patients with PDAC has improved with the implementation of this chemotherapy combination, the overall prognosis remains poor. Patients with LAPC have a median overall survival (OS) of approximately two years (1), whereas metastatic disease patients a median OS of 11 months after FOLFIRINOX treatment (2). Meanwhile, 60-70% of these patients will experience FOLFIRINOX-induced toxicity (1–3), affecting their quality of life. Therefore, biomarkers with the ability to predict treatment response or with prognostic properties are urgently needed to personalize treatment and to avoid unnecessary toxicity (4).

Prognostic biomarkers are biomarkers that can be used to identify the likelihood of a clinical event, recurrence of disease or disease progression. Predictive biomarkers can be used to identify individuals that will experience a favorable or unfavorable effect from exposure to a medical product (e.g. chemotherapy) compared to patients without this biomarker (5). The predictive value of a biomarker needs to be confirmed in a study including at least two treatment groups, preferably a randomized controlled trial, to prove its treatment-specific effect and exclude prognostic effects (6). For this patient population it could mean that patients not responding to FOLFIRINOX might benefit from other types of chemotherapy, such as gemcitabine with nab-paclitaxel.

Cancer cells display pro-inflammatory properties, inducing a tumor-promoting environment (7). PDAC is thought to be an inflammation-driven cancer; the tumor microenvironment includes predominantly pro-inflammatory instead of tumor-suppressive immune cells, supporting cancer progression (8). Several systemic inflammation markers, such as the systemic immune-inflammation index (9), neutrophil-to-lymphocyte ratio (10), or Glasgow prognostic score (11) are of prognostic significance and alterations can be detected even prior to PDAC diagnosis (12, 13).

The stromal microenvironment of PDAC is a complex structure of extracellular matrix, fibroblasts, and inflammatory cells (14). These inflammatory cells produce a variety of growth factors, cytokines, and chemokines (14, 15). Cytokines are signaling molecules that play an important role in the interaction and function of cells. Cytokines are mainly produced by immune cells, but also normal epithelial cells, stromal cells, fibroblasts, and cancer cells can produce both pro-inflammatory and anti-inflammatory cytokines (10). High levels of circulating immunosuppressive, tumor-promoting cytokines, such as transforming growth factor-beta (TGF-β), interleukin (IL)- 1β, IL-6, IL-8, and tumor necrosis factor-alpha (TNF-α), and lower levels of tumor-suppressive cytokines, e.g. IL-11, IL-12, and interferon-gamma (IFN-γ), have been found to correlate with poor prognosis in PDAC patients (16–21). Circulating cytokine concentrations might reflect tumor aggressiveness and immune status associated with tumor progression (22). Whether circulating cytokine levels can also predict the response to FOLFIRINOX is yet unknown. We hypothesized that dysregulation of the immune system, demonstrated by an increase of pro-inflammatory and decrease of anti-inflammatory cytokines, is prone to FOLFIRINOX non-response.

In this study, we evaluated the levels of circulating cytokine concentrations before and after one cycle of FOLFIRINOX, and assessed differences between patients with and without progressive disease at chemotherapy response evaluation CT scans. In addition, peripheral blood immune cell subsets were measured and correlations with changes in cytokine concentrations were determined in order to affirm the origin of these cytokines. Also, the association with early tumor progression during FOLFIRINOX and prognostic value for OS of individual cytokine markers was assessed.



Materials and methods

This article was written according to the Reporting recommendations for tumor marker prognostic studies (REMARK) guidelines (23).


Study design

Patients were selected from the local pancreatic biobank at the Erasmus MC, Rotterdam (MEC-2015-085) and participated in two multicenter, prospective trials conducted in the Netherlands. Patients with resectable or borderline resectable PDAC participated in the randomized clinical trial PREOPANC-2 (Dutch trial register NL7094, MEC-2018-004) comparing neoadjuvant FOLFIRINOX chemotherapy to neoadjuvant gemcitabine-based chemoradiotherapy, followed by surgical resection of the primary tumor (24). Patients with LAPC or metastatic PDAC participated in the iKnowIT study (Dutch trial register NL7522, MEC-2018-087), a prospective cohort study investigating the predictive value of circulating biomarkers. All trials were approved by the ethics committees of all participating centers: Erasmus MC, University Medical Center (Rotterdam, the Netherlands), Amsterdam UMC (Amsterdam, the Netherlands), Maasstad Hospital (Rotterdam, the Netherlands), and Medisch Spectrum Twente (Enschede, the Netherlands), and conducted in accordance with the declaration of Helsinki.



Patient selection

All patients had histologically confirmed PDAC and were treated with first-line FOLFIRINOX between February 2015 and October 2019. Patients with resectable, borderline resectable, or locally advanced disease were scheduled for eight cycles of FOLFIRINOX and patients with metastatic disease for maximum twelve cycles of FOLFIRINOX, according to the PREOPANC-2 study protocol (resectable or borderline resectable disease) or the current standard of care in the Netherlands (LAPC and metastatic disease). Exclusion criteria were: age <18 years, co-medication with other chemotherapeutics, and previous treatment with FOLFIRINOX chemotherapy. A CT scan was performed before start of treatment and after each fourth cycle of chemotherapy to evaluate treatment response, based on the Response Evaluation Criteria in Solid Tumours (RECIST) 1.1 criteria, as part of standard clinical practice. Differences in circulating cytokine levels were tested between patients with disease control patients, including those with stable disease, partial response or complete response to FOLFIRINOX, and progressive disease patients, if CT evaluation showed progression within eight cycles of FOLFIRINOX.

Patient characteristics, such as age, sex, stage of disease, laboratory results, CT scan evaluations, and follow-up data were retrieved from medical records by a medical doctor. Follow-up ended upon the death of the patient. Due to the explorative character of this study, no formal sample size calculation was performed.



Sample collection

Peripheral venous blood samples were collected before the start of chemotherapy and before the start of the second cycle of FOLFIRINOX, approximately two weeks later. Blood was collected in 10 mL serum tubes (Becton Dickinson, Franklin Lakes, NJ, USA) and 10 mL EDTA tubes (Becton Dickinson, Franklin Lakes, NJ, USA). Serum tubes were centrifuged at room temperature for 10 minutes at 1000g. Serum was then divided in aliquots and stored at -80°C until further use. Freshly obtained whole blood from EDTA tubes was used within 24 hours to enumerate immune cell populations.



Cytokine detection

All serum samples were first analyzed with the ProcartaPlex Cytokine & Chemokine Convenience 34-Plex Human Panel 1A immunoassay (Invitrogen, Carlsbad, CA, USA, for detail see Supplementary Table 1), and measured using the Luminex MAGPIX system (Luminex, Austin TX, USA). Only cytokines detected in at least 70% of samples were used for further analyses. The cytokines IL-1β, IL-1RA, IL-2, and IL-18 were also measured using (high sensitivity) immunoassays from a different supplier (R&D systems, Minneapolis, MN, USA, Supplementary Table 1). In addition, soluble IL-2 receptor (sIL-2R) was quantified with enzyme-linked immunosorbent assay (ELISA; Diaclone, Besançon, France) as a sensitive marker for T-lymphocyte activation and regulator of IL-2-dependent cell function (25, 26).

Serum samples were subjected to a maximum of three freeze-thaw cycles and thawed on ice prior to use. Supernatants were loaded on Luminex or ELISA plates at the recommended dilutions with standard protein controls, according to the manufacturer’s instructions. For Luminex assays, cytokines were quantified by the analysis of raw data using xPONENT 4.2 software (Luminex, Austin, TX, USA). For the ELISA assay, standard curves were constructed and used to quantify sIL-2R. Further technical details are shown in Supplementary Table 1.



Immune cell enumeration

Flow cytometry was performed to quantify main granulocyte, monocyte, and lymphocyte subsets (Supplementary Table 2). Peripheral blood samples for immunophenotyping were available for 50/83 patients (60.2%). Whole blood was stained with monoclonal antibodies (MoAb) and after lysis of red blood cells analyzed by multi-color FCM on a BD 3-laser Celesta flow cytometer using FACSDiva 8.x software (Becton Dickinson, Franklin Lakes, NJ, USA). An overview of the monoclonal antibodies used is available in Supplementary Table 3. Absolute cell counts were determined using Flow-Count Fluorospheres (Beckman Coulter, Brea, CA, USA). The MoAb panel has been optimized, and compensated using Fluorescence minus one (FMO) controls (27). Data were gated and analyzed using FlowJo software (Tree Star, San Carlos, CA, USA). The gating strategy is presented in Supplementary Figure 1.



Statistical analysis

Detection rates of cytokines were compared between disease control and progressive disease patients using Fisher’s exact tests, and with Chi-squared test for the comparison between the different stages of disease. Absolute circulating cytokine concentrations and immune cell counts, and the percentage increase of cytokine concentrations and immune cell numbers between disease control and progressive disease patients were compared with Mann-Whitney U tests. The comparison of cytokine concentrations between patients with resectable, LAPC, and metastatic disease was calculated with Kruskal-Wallis tests. Correlations between alterations in cytokine concentrations and immune cell numbers were determined with Pearson’s correlation coefficient.

Univariable and multivariable binary logistic regression was performed to analyze the predictive value of circulating cytokine levels for tumor progression during FOLFIRINOX chemotherapy, including patient characteristics with known association with treatment outcome: stage of disease and baseline CA19-9 levels. Cytokine levels were dichotomized based on the median concentration for each individual cytokine per time point of measurement.

Overall survival (OS) was calculated as the time between the start of FOLFIRINOX and death. The prognostic value of circulating cytokine levels was tested with univariable and multivariable Cox regression analysis, including known prognostic factors: age, stage of disease, chemotherapy response, and baseline CA19-9 levels. Differences in median OS were derived from Kaplan-Meier curves whereby groups of patients with cytokine levels below or above the median concentration were compared using log-rank tests.

Only two-sided tests were used and P-values <0.05 were considered statistically significant. Data were analyzed using SPSS Statistics for Windows (version 25.0; IBM, Armonk, NY, USA).




Results


Patient characteristics

In total, cytokine data obtained from 166 samples from 83 PDAC patients were available for analysis. Patient characteristics are presented in Table 1. The cohort consisted of patients from all disease stages: 34% was diagnosed with resectable or borderline resectable disease, 42% with LAPC, and 24% with metastatic disease. In this cohort, 19 (23%) patients showed progressive disease during FOLFIRINOX.


Table 1 | Patient characteristics.





Cytokine detection rates and treatment response outcome

Supplementary Table 4 gives an overview of the 34 cytokines and chemokines measured using a multiplex panel, showing their detection rate, mean concentrations with standard deviation, and median concentrations with interquartile range. GM-CSF, GRO-α, IL-5, IL-12p70, IL-23, IL-31, and TNF-β were not detected in any of the samples. Eotaxin, IP-10, MIP-1β, RANTES, SDF-1α were detected in all serum samples. Comparisons of cytokine detection rates between patients with disease control and patients with progressive disease during FOLFIRINOX are presented in Table 2. Before the start of FOLFIRINOX, IL-1β (28% vs 5%) and IL-2 (18% vs 0%) were more often detected in samples from disease control patients then in samples from progressive disease patients (both P=0.059). After one cycle of FOLFIRINOX, IL-1RA was more often detected in patients with disease control (48%) compared to patients with progressive disease (21%, P=0.038).


Table 2 | Comparison of detection rates of cytokines and chemokines between patients with disease control and patients with progressive disease during FOLFIRINOX, measured with a multiplex Luminex panel.



To improve the detection rates of IL-1β, IL-1RA, IL-2, and IL-18, these cytokines were re-analyzed with high sensitivity singleplex or duplex immunoassay from a different manufacturer (Supplementary Table 1). Eotaxin, IL-7, IP-10, MCP-1, MIP-1β, RANTES, and SDF-1α all met the inclusion criteria of detection in >70% of samples and were selected for further analyses. Together with the sIL-2R, a total of eleven cytokines were used to create predictive and prognostic models.



Cytokine concentrations and treatment response outcome

In Supplementary Table 5 we show the comparisons between cytokine detection rates and cytokine concentrations between patients with resectable, LAPC, and metastatic disease both before and after one cycle of FOLFIRINOX. There were no statistically significant differences between the different stages of disease and we did not perform additional analyses for the individual disease stage groups, also because of the limited number of patients per disease stage.

IL-1β and IL-2 results were only available for 88 samples (n=44 patients). The other samples could not be used due to absence of detectable bead signals. With individual assays, IL-1β, IL-1RA, IL-18 and sIL-2R were detected in all available samples. IL-2 was detected in only 28% of samples and results of this cytokine will therefore not be further discussed.

There were no significant differences in median concentrations of any of the eleven cytokines (Eotaxin, IL-1β, IL-1RA, sIL-2R, IL-7, IL-18, IP-10, MCP-1, MIP-1β, RANTES, SDF-1α) between disease control and progressive disease patients in samples drawn before the start or after one cycle of FOLFIRINOX. However, pro-inflammatory/tumor-promoting cytokines (eotaxin, IL-1β, IL-18) seemed to be found in higher concentrations in progressive disease patients, while disease control patients showed higher levels of anti-inflammatory/tumor-suppressive cytokines (IL-1RA, sIL-2R, IL-7), as presented in Figure 1A.




Figure 1 | Differences in circulating cytokine concentrations between patients with disease control and patients with progressive disease during FOLFIRINOX treatment. (A) Concentrations of pro-inflammatory (eotaxin, IL-1β, and IL-18) and anti-inflammatory cytokines (IL-7, IL-1RA, sIL-2R) in serum of individual patients with disease control (n=64) and patients with progressive disease (n=19) before start of FOLFIRINOX (V1) and after one cycle of FOLFIRINOX (V2) and the median concentration over time for the two response groups. Median concentrations before or after one cycle did not show statistical significant differences between the two groups. (B) Percentage increase of serum IL-18 concentrations after one cycle of FOLFIRINOX in patients with disease control and progressive disease. **P < 0.01, calculated with Mann-Whitney U test.



In patients with disease control, IL-18 showed a larger increase during FOLFIRINOX (median increase 89%; IQR 46-142%) compared to patients with progressive disease (median increase 44%; IQR 11-81%), P=0.007), visualized in Figure 1B. An overview of cytokine concentrations during treatment for all cytokines investigated is included in Supplementary Figure 2.



Cytokine concentrations in a predictive model

To investigate the value of individual cytokine concentrations to predict early tumor progression during FOLFIRINOX, a binary logistic regression model was created. Early tumor progression was defined as progression of disease during or immediately after FOLFIRINOX treatment, established on CT scans using the RECIST 1.1 criteria. From univariable analyses, the variables IL-1RA concentration after one cycle of FOLFIRINOX (OR 0.19, 95% CI 0.06-0.63), IL-18 before the start of FOLFIRINOX (OR 2.62, 95% CI 0.88-7.74), an increase of IL-18 (OR 0.33, 95% CI 0.11-0.94), and an increase of MIP-1β (OR 0.37, 95% CI 0.13-1.08) were selected for multivariable analyses. In this patient cohort, stage of disease and baseline CA19-9 level did not predict early tumor progression. The results of the univariable and multivariable analyses are presented in Table 3. In multivariable analysis, only IL-1RA concentration after one cycle of FOLFIRINOX remained an independent predictor of FOLFIRINOX response (OR 0.25; 95% CI 0.07-0.094, P=0.040). Patients with IL-1RA concentrations above the median of the measurements showed a lower risk of early tumor progression during FOLFIRINOX.


Table 3 | Univariable and multivariable binary logistic regression model for the prediction of early tumor progression during FOLFIRINOX.





Correlation between cytokines and immune cells

IL-1RA, IL-18, and MIP-1β, predictors of early tumor progression in univariable analysis, are cytokines produced by monocytes (28–30). Therefore a correlation matrix was made between the percentage increase of serum concentrations of these cytokines and the percentage increase of monocyte cell numbers, based on results available from 50 patients (Figure 2). The increase of circulating IL-1RA concentrations correlated significantly with total monocytes (Pearson’s r=0.69, P<0.001), classical monocytes (r=0.63, P<0.001), non-classical monocytes, and dendritic cell (r=0.41, P=0.011) increase in the peripheral blood (r=0.66, P<0.001). IL-18 correlated with total monocytes (r=0.39, P=0.015), and classical monocytes (r=0.40, P=0.014). MIP-1β correlated with dendritic cells (r=0.45, P=0.004), and classical monocytes (r=0.33, P=0.046). Also, the cytokines in this correlation plot were correlated to the other cytokines as well (Pearson’s correlation between IL-1RA - IL-18 r=0.52, IL-1RA - MIP-1β r=0.50, IL-18 - MIP-1β r=0.39, all P<0.001), meaning that an increase after FOLFIRINOX for one cytokine is accompanied by the increase of the other cytokine concentrations.




Figure 2 | Correlation matrix of monocyte-related serum cytokine concentration increase and circulating monocyte cell number increase after one cycle of FOLFIRINOX. Increasing IL-1RA, IL-18, and MIP-1β concentrations after one cycle of FOLFIRINOX showed significant correlations with the increase of several subsets of monocytes. *P < 0.05, **P < 0.01, ***P < 0.001, calculated with Pearson’s correlation.  NA = 'not applicable' in the correlation matrix.



Overall, an increase in all determined immune cell types was observed after one cycle of FOLFIRINOX (Supplementary Figure 3). There were no statistically significant differences in cell numbers before the start of FOLFIRINOX, after one cycle of FOLFIRINOX or in increase over time between disease control and progressive patients. However, we could detect a trend towards a stronger increase of tumor-suppressive cells (e.g. neutrophils, B cells, NK cells, and monocytes) in disease control patients, together with a slight increase of immunosuppressive cells (e.g. γδ T cells) in progressive disease patients, as shown in Figure 3. However, there was also an increasing trend in T cells visible, including T helper cells and/or regulatory T cells (CD4+) and cytotoxic T cells (CD8+), in progressive disease patients.




Figure 3 | Circulating immune cell numbers in patients with disease control and patients with progressive disease before start of FOLFIRINOX (V1) and after one cycle of FOLFIRINOX (V2). Circulating cell numbers of mature neutrophils, NK cells, monocytes, B cells, and CD4+ T cells showed a larger increase in patients with disease control, CD8+ and γδ T cells in patients with progressive disease. Data is presented as median cell numbers with interquartile ranges.





Cytokines associated with overall survival

The median follow-up time was 16.5 months for patients alive at last follow-up. Median OS for the total cohort was 12.5 months. Median OS was different for patients of the three disease stages; resectable disease 13.2 months, LAPC 15.7 months, and metastatic disease 9.0 months (P=0.008). In univariable analyses, IL-1RA concentration after FOLFIRINOX (HR 0.64 for concentrations above the median of measurements), sIL-2R before the start of FOLFIRINOX (HR 1.55), IL-7 after FOLFIRINOX (HR 1.57), IL-18 before (HR 1.56) and after FOLFIRINOX (HR 1.57), and MIP-1β after FOLFIRINOX (HR 0.63) were statistically significant predictors for OS, as shown in Supplementary Table 6. In multivariable analysis, including the variables baseline CA19-9 and RECIST treatment response outcome, IL-7 (HR 2.14; 95% CI 1.20-3.80, P=0.010), IL-18 (HR 2.00; 95% CI 1.11-3.60, P=0.020), and MIP-1β (HR 0.51; 95% CI 0.28-0.92, P=0.025) concentrations measured after one cycle of FOLFIRINOX remained significant prognostic factors for OS after FOLFIRINOX treatment. Patients with a high level of IL-7 and IL-18, and low level of MIP-1β were at risk for shorter OS. Stage of disease was not a prognostic variable in our Cox proportional hazards model (LAPC HR 0.61, P=0.113, metastatic disease HR 1.63, P=0.139). In Supplementary Figure 4 Kaplan-Meier curves are shown for overall survival in patients with cytokine levels below or above the median cytokine concentration in this cohort for IL-1RA, IL-7, IL-18, and MIP-1β. High IL-1RA and MIP-1β and low IL-7 concentrations after one cycle of FOLFIRINOX show a trend of better overall survival after FOLFIRINOX treatment, though not statistically significant (respectively P=0.095, P=0.074, and P=0.087). IL-18 levels after FOLFIRINOX do not influence overall survival in these Kaplan-Meier curves (P=0.789).




Discussion

In this multicenter study, we investigated serum cytokine concentrations in PDAC patients treated with FOLFIRINOX and the correlations of these cytokines with treatment response and prognosis. We found that most cytokines showed increasing concentrations after one cycle of FOLFIRINOX compared to baseline. However, IL-18 showed a stronger increase in patients responding to treatment. Low IL-1RA serum concentrations after one cycle of FOLFIRINOX were associated with an increased risk of early tumor progression during FOLFIRINOX. In addition, high IL-18 and IL-7, and low MIP-1β concentrations after one cycle of FOLFIRINOX were poor prognostic factors for OS. Our results support the hypothesis that prognosis in PDAC patients is at least partially determined by the activation level of the immune system and its response to cancer cells (7). We found a clear serum cytokine pattern in patients with disease control and patients with progressive disease during FOLFIRINOX. Favorable, anti-inflammatory cytokines, such as IL-1RA, IL-7, and MIP-1β were detected in higher concentrations in responding patients, while pro-inflammatory, tumor-promoting cytokines, such as IL-18 and IL-1β, were higher in patients with early progressive disease.

The correlation we observed between IL-1RA, IL-18 and MIP-1β with different monocyte subsets might indicate that differences in cytokine concentrations are related to differences in the immune environment and cellular response to chemotherapy. Though, the strong increase of T cells, including cytotoxic T cells (CD8+) and CD4+ cells including both T helper cells as well as regulatory T cells, in progressive disease patients, was unexpected. However, it is not clear whether the increase of all the investigated cell types might be explained by the increased cell proliferation in reaction to chemotherapy-induced cell death, by the administration of granulocyte colony-stimulating factor (G-CSF) after every chemotherapy cycle, or as a result of the proliferative effect on immune cells of FOLFIRINOX (31). Furthermore, we did not investigate the functional status and exhaustion rate of CD4+ and CD8+ cell populations, which is crucial in further studies.

The results found in this study are affirmed by existing literature on circulating cytokine levels and outcome in PDAC patients. Circulating IL-18 levels were previously found to increase during treatment with gemcitabine in combination with 5-FU or oxaliplatin, and higher IL-18 levels were associated with shorter OS (32). IL-1β is thought to facilitate tumor growth, angiogenesis, and metastasis in PDAC and may therefore negatively influence patient prognosis (17, 19). Both IL-18 and IL-1β are associated with objective gemcitabine-based chemotherapy response (19, 33). Also, MIP-1β and RANTES have been shown to associate with PDAC patient outcome (34, 35).

An interesting finding is that most cytokines with prognostic value in our study relate to the nuclear factor-κB (NF-κB) pathway, which plays a crucial role in the regulation of a plethora of inflammatory genes (36). The NF-κB signaling cascade is usually activated by pathogens, damaged tissue, and necrotic cells, and it includes a negative feedback loop, regulating its own activity (37). In cancer environments the NF-κB signaling pathway is continuously activated, resulting in constant production of large amounts of pro-inflammatory cytokines. Activation of the NF-κB pathway promotes all hallmarks of cancer: tumor cell proliferation and survival, angiogenesis, metastasis, and immune suppression (36, 38). IL-1β, which was found in higher concentrations in patients with poor prognosis, is a known activator of the NF-κB pathway (39). Also, several DNA mutations can activate the pathway (39, 40), including KRAS and TP53 mutations which are found in almost all PDAC tumors (41). IL-1RA, the natural antagonist of IL-1, may regulate activation of the NF-κB pathway, thus reducing the negative effects of the pathway and improving patient prognosis (40).

Other cytokines which are also controlled by NF-κB were not or only in a limited number of patient samples detected. For example, TNF-α, IL-6, and IL-8, cytokines that have been shown to be upregulated in PDAC patients (17, 19, 42), were only detected in a limited number of samples. The relatively low serum cytokine concentrations and therefore lack of detection, is probably the most important limitation of this study. The cytokine concentrations measured in our study seem to be low in comparison to other studies with PDAC patients (17, 19, 35). This may be related to the immunoassay used to detect the cytokines. We chose to start our pilot project with a broad multiplex panel to screen for 34 different cytokines. Only small serum volumes were needed, which was an advantage because of the limited availability of serum from our patients, included in large multicenter, prospective studies. However, the small sample volumes in the discovery panel might explain the low detection rate of cytokines and increased sensitivity with the individual cytokine assays using larger serum volumes.

In this pilot study, the sample size was relatively small and cytokine concentrations and immune cell numbers varied widely between patients, also resulting in wide interquartile ranges for the median IL-1RA concentration. Most of our findings did therefore not reach statistical significance and we could only highlight some trends in cytokine and cell count differences between treatment response groups. The number of variables analyzed in this study might have led to a type I error. Though, we deliberately did not correct our raw data for multiple testing since this could result in type II errors, which are acceptable in exploratory studies such as this one. Unfortunately, subgroup analyses for the individual disease stages could not be performed due to the limited number of patients. Though, we did not find differences in cytokine detection rates or concentrations between patients of different disease stages.

In this study, we focus on responders and non-responders to FOLFIRINOX. In our dataset, the objective response rate (ORR) was 12% and the disease control rate 77%. Especially the ORR is lower than reported outcomes from other FOLFIRINOX clinical trials with ORR varying between 16-40% for metastatic patients (3, 43) and 17-30% for LAPC patients (41, 44, 45). The benefit of treatment, however, is often overestimated due to exclusion of patients with poor prognosis in clinical trials and are therefore not comparable to real-world data.

In the future, the predictive and prognostic value of IL-1RA must be confirmed in a large clinical trial including two different treatment arms, preferably a randomized clinical trial comparing FOLFIRINOX to gemcitabine with nab-paclitaxel outcomes. The future clinical implications of this study should include the evaluation of the additive effects of cytokine-based therapy on chemotherapy response and survival in PDAC patients. Studies with mouse models have already shown promising results of treatment with anakinra, an FDA-approved human IL-1RA protein drug used for rheumatoid arthritis. Anakinra inhibits IL-1 and by that the NF-κB pathway, reducing proliferation, migration, and invasion of PDAC cells, and IL-1 neutralization sensitizes cancer cells for immunotherapy and chemotherapy (40, 46). At this moment, two clinical trials are investigating the benefit of anakinra in addition to FOLFIRINOX (ClinicalTrials.gov identifier: NCT02021422) or gemcitabine chemotherapy (NCT02550327) in PDAC patients. Restoring the imbalance of tumor-promoting and tumor-suppressing components of the immune system might be the future of PDAC treatment.



Conclusion

Low circulating IL-1RA cytokine concentrations are associated with an increased risk of early tumor progression during FOLFIRINOX. High IL-18 and IL-7, and low MIP-1β levels are poor prognostic factors for OS in PDAC patients. This indicates that activation and changes in the systemic immune response might play an important role in chemotherapy response and PDAC progression. Cytokine-based treatment might improve patient outcome and should be evaluated in future studies.
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Increasing evidence showed that the dysregulation of DNA methylation regulators is a decisive feature of almost all cancer types and affects tumor progressions. However, few studies focused on the underlying influences of DNA methylation regulators-related genes (DMRegs) in immune cell-infiltration characteristics, tumor microenvironment (TME) and immunotherapy in HCC patients. In our study, the alterations of DNA methylation regulators modification patterns (DMRPs) were clustered from hepatocellular carcinoma (HCC) samples based on the expression of DNA methylation regulators as well as genetic and transcriptional features. In addition, based on molecular identification of three distinct molecular subtypes, we found that different DMRPs alterations were related to different clinicopathological characteristics, prognosis, and immune cells infiltration features. Moreover, we constructed and validated a DNA methylation regulators-related genes score (DMRegs_score) to predict the survival of HCC patients. A high DMRegs _score, which was characterized by more TP53 wild mutation, high expression of PD-1, CTLA-4, and remarkable immunity activation, was indicative of poor prognosis. Furthermore, we validated the expression of eight genes which were used for the prognostic signature in this risk score by RT-qPCR using tissues from our center. More importantly, DMRegs_score was highly correlated with targeted drug sensitivity. Additionally, we developed a highly accurate scoring system that could be used to improve the clinical applicability of DMRegs _score. In conclusion, these findings may contribute to a better understanding of DNA methylation regulators and provide new strategies for evaluating prognosis and developing more effective combination therapy for HCC patients.
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Introduction

Liver cancer, more specifically hepatocellular carcinoma (HCC), is the main leading cause of cancer-related death worldwide in 2020 (1, 2). At present, surgery is still the most effective treatment for HCC. However, due to the occult onset and rapid progress of HCC, patients often have lost the best opportunity for surgical treatment at the time of diagnosis. What’s more, the patients with HCC have poor prognosis because of high metastasis and recurrence rate (3). Therefore, exploring the molecular mechanism of HCC development and finding new early diagnosis and treatment targets are the focus of HCC research.

Epigenetic modifications, such as DNA methylation, play a crucial role in altering gene expression and contributing to disease development in mammals (4). According to present reports, methylation of the fifth carbon of the DNA cytosine within CpG dinucleotides is the most mechanistically understood form of DNA methylation (5). DNA methylation modification is a dynamic and vary process which is modulated by DNA methylation regulators, including DNA methyltransferases, DNA demethylases and DNA binding proteins (6–8). In addition, a growing body of evidence had demonstrated that dysregulation of DNA methylation regulators is a hallmark of almost all cancer types and affects tumor microenvironment (TME) or immunotherapy (7, 9, 10).

Co-inhibitory receptors Cytotoxic T-lymphocyte antigen 4 (CTLA4), programmed cell death protein 1 (PD-1), and programmed cell death ligand 1 (PD-L1) is expressed in the tumor microenvironment. Immunotherapy such as immune-checkpoint inhibitors (ICIs) that target these biomarkers activated the properties of effector T cells which can be able to kill cancer cells. Importantly, ICIs have radically reversed cancer therapy (11). Cancer immunotherapy targeting CTLA4, PD-L1, or PD-1 has become a widely used method of treating various types of cancer (12–14). Recently, anti-CTLA-4 was reported a survival benefit of HCC patients with sorafenib resistance (15). However, these immunotherapies were responding differently with patient to patient, and less than 20% of immune checkpoint blockade therapy was effective (16–18). It has been reported that the expression of PD-L1 and the status of tumor mutation burden (TMB) may be used as biomarkers to assess the effectiveness of immunotherapy (19–21). Interestingly, a recent study has revealed the characteristics of DNA methylation modification patterns of gastric cancer and explored the link between TME and DNA methylation modification, which indicated that DNA methylation may be a new predictor for immunotherapy (8). Moreover, DNA methylation regulators distinguish early HCC stages from chronic liver hepatitis B and C as well as healthy controls, intensify as the disease progresses, and is highly enriched in immune function-related genes such as PD-1 (22). These all suggest that DNA methylation regulators are closely related to immunotherapy and maybe predict the response to immunotherapy. However, it is still unclear how DNA methylation regulators affect tumors, especially cancer immunotherapy in HCC. Therefore, further elucidation of DNA methylation regulators could provide an attractive perspective on cancer immunotherapy.

In this study, we integrated patients from TCGA-LIHC cohort and ICGC LIRI-JP cohort to comprehensively evaluate the correlation between the DNA methylation modification patterns (DMRPs) and tumor immune landscape. First, we explored the expression of 20 DNA methylation regulators between normal and carcinoma tissues, and then identified 3 distinct DMRPs which were tightly correlated with immune cells infiltration and prognosis. In addition, we investigated the functional annotation to distinguish cancer associated signaling pathways to the three patterns. Moreover, we continued to quantify the DMRPs of individual HCC patients and assessed the clinical responses to immunotherapy based on DNA methylation regulators-related genes score (DMRegs_score). In conclusion, our novel DMRegs_score provides a reliable insight by which to identify and feature immune landscape of HCC, and the results suggest the DMRegs_score may be a biomarker for survival and precision treatment.



Materials and method


Data collection and preprocessing of public database

HCC patients with RNA-seq, genetic mutations (VarScan) and clinical information (included age, sex, TNM stage, follow-up time, and survival status) were obtained from the Cancer Genome Atlas (TCGA) data portal (TCGA-LIHC cohort, n=374) (http://portal.gdc.cancer.gov/). The copy number variant profiles (CNV) were downloaded from the UCSC xena (http://xenabrowser.net). The normalized data from another HCC cohort were downloaded from the International Cancer Genome Consortium (ICGC) database (ICGC LIRI-JP, n=231) (http://daco.icgc.org). GSE76427 (n=167) array was downloaded from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). The 20 DNA methylation regulators were extracted from previous study (8). The TCGA and ICGC RNA sequence data (fragments per kilobase million, FPKM value) were transformed into TPM (transcripts per kilobase million) format. We excluded patients without complete clinical information and the survival time of 0, thus, a total of 685 HCC patients were further analyzed in this study. These detailed clinical information about 685 patients with HCC was presented in Tables S1, S2.



Tissue samples and real-time PCR and immunohistochemical staining

Forty-one pairs HCC and nearby non-tumor tissues were collected from HCC patients who underwent hepatic resection in Sun Yat-Sen Memorial hospital between Nov 2020 and Mar 2021. Liquid nitrogen was used to store these samples until further analysis could be completed. The patients’ clinical data were also collected (Table S3). The study protocol was approved by the Ethics Committee of Sun Yat-Sen Memorial hospital and informed consent was obtained from each patient. We extracted the RNA from the tissues with Trizol (Takara, China), and performed reverse transcription using Prime Script RTase (Takara, China), according to the manufacturer’s protocol, respectively. According to the manufacturer’s instructions, real-time PCR was used to measure mRNA expression levels using SYBR green (Takara, China). A list of the primers used for real-time PCR is provided for Table S4. Immunohistochemical (IHC) staining was performed as described previously (23) using the following antibodies: Anti- CDCA3, Anti-CDC20, Anti-YWHAQ, Anti-ADH4, Anti-TRNP1, Anti-CYP2C9, Anti-CALU, Anti-APOC1. All antibodies used in the study are shown in Table S5. Quantitative evaluation of protein expression of IHC tissues was measured by ImageJ software. The number of stained cells was identified by trainable Weka segmentation.



Interaction among DNA methylation regulators, copy number variant (CNV) analysis and gene mutation analysis

The crosstalk network diagram of multiple DNA methylation regulators was constructed by using “igraph” package, and presented the categories “Writers”, “Erasers” and “Readers” of these genes. The “RCircos” R package was used to visualize the location of 20 DNA methylation regulators in human chromosomes and the gain or loss status of copy number. The “maftools” R package was applied to evaluate the mutation status of 20 DNA methylation regulators and drawn the waterfall plots in HCC.



Molecular subgroups-based clustering analysis for DNA methylation regulators

We performed the consensus clustering with Euclidean squared distance metric and the K-means clustering algorithm to identify distinct DMRPs based on the expression of 20 DNA methylation regulators by using the “ConsensusClusterPlus” R package. HCC samples were classified into k clusters with k=2 to k=9. Based on the consistent cumulative distribution function (CDF) and delta region graphs, an optimal number of clusters was determined (24). What’s more, we compared the relationships between molecular subgroups, clinical characteristics, and prognosis using the “survival” and “survminer” R packages. The clinicopathologies including age, gender, TNM stage.



Function annotation based on gene set variant analysis (GSVA)

To identify the difference between the biological process of DMRPs, the “GSVA” package in R was utilized to performe GSVA enrichment analysis. GSVA, a nonparametric and unsupervised algorithm, can quantify the gene enrichment results in the sample of a gene expression dataset (25). In addition, we employed the “limma” R package to screen the significant variance in KEGG pathways and Hallmark pathways. The well-defined gene sets of “h.all.v7.4.symbols”, and “c2.cp.kegg.v7.2.symbols” were downloaded from MSigDB database.



Identification of differentially expressed genes (DEGs) between DNA methylation regulators modification patterns

The previous consensus clustering analysis had classified patients into three distinct DMRPs based on 20 DNA methylation regulators, and we identified DNA methylation regulators modification-related differentially expressed genes (DMRegs) among different DMRPs. The Bayesian method of “limma” package was used to statistical analysis, and “venndiagram” R package was applied to visualize the DMRegs. The DMRegs with adjusted p<0.05 and |logFC|=0.5 were considered as screening criterion. To explore the potential functions of DMRegs, the “clusterprofler” package in R software was utilized for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis with adjusted P values < 0.05. What’s more, we further explored the gene cluster based on the expression profiles of DMRegs using unsupervised clustering methods.



Construction of the DNA methylation regulators-related gene signature

We constructed a set of scoring system to quantify the DMRPs of individual patient with HCC by using the method of LASSO cox regression, and we termed the score as DMRegs_score. The DMRegs_score was developed as follows. Univariate cox regression analysis was performed to identify overlapping DMRegs related to survival with P-values <0.05. Then “glmnet” R package was employed to establish the DMRegs_score based on the expression of significant prognosis of DMRegs among gene clusters. Finally, the DMRegs_score was defined using a formula method like previous study: DMRegs_score = Σ (Expi * coefi), where Coefi and Expi represented the risk coefficient and expression of each gene, respectively. The Kaplan-Meier survival curve, the area under the curve (AUC) of the time-dependent receiver operating characteristics (ROC) curve were implemented to evaluate the predictive ability of the risk model. Combining clinical data with univariate and multivariate cox analysis were done to determine if the risk score was an independent feature.



Estimation the relationship between DMRegs_score and TME, PD-1, PD-L1, and CTLA4

The ESTIMATE algorithm was used to calculate the tumor microenvironment (TME) scores, including stromal scores, immune scores, and estimate scores, which represented the infiltration of immune cells and stromal cells in TME (26). Moreover, based on the transcriptome profiles, we used “GSVA” R package to perform single sample gene set enrichment analysis (ssGSEA) to quantify the relative abundance of 23 immune cell types in the TME among different DMRPs (27). The marker genes of 23 immune cell types were acquired from a previous study, including activated B cell, MDSC, macrophage, regulatory T cell and so on (Table S6). Furthermore, we analyzed the relationship between the DMRegs_score and the expression of PD-1, PD-L1, CTLA4, and antigen presentation (HLA family).



Characteristics of mutation burden and drug sensitivity analysis

By using “maftools” R package, the mutation annotation format (MAF) from the TCGA database was used to explore whether the mutations status of HCC patients was associated with high- or low-risk group. The tumor mutation burden score (TMB) was also calculated for each patient with HCC in both groups. Using the “pRRophetic” package, we analyzed the IC50 of several chemotherapeutic drugs which were commonly used to treat HCC in both groups.



Validation the DMRegs_score and establishment of a nomogram assessing system

The reliability and predictive ability of this DMRegs_score was validated based on data from GEO dataset using same methods above mentioned. Furthermore, to expand the role of DMRegs_score in clinical practice, we used “rms” package to develop a nomogram predicting the prognosis of HCC patients, which combined the clinical features and DMRegs_score. The time-dependent ROC curves and calibration were performed to describe the predictive value of 1-, 2- and 3-year, respectively.



Statistics analysis

The statistical analysis tools-R software (version 4.0.3, R Foundation for Statistical Computing, Vienna, Austria) was used in this study. Kruskal-Wallis tests or one-way ANOVA were used as nonparametric or parametric methods for comparisons of three groups, respectively using GraphPad Prism 8. And the results of RT-qPCR and IHC were conducted statistical analysis using pair t test. The forest plot and partial violin plots were generated by Sanger Box online tool. The hazard ratio (HR) and 95% confidence intervals (CI) were calculated. All statistical results with a P-value of <0.05 were considered significant.




Results


The landscape of DNA methylation regulators in HCC

A total of 20 DNA methylation regulators were identified in this study, including three writers (DNMT1, DNMT3A, and DNMT3B), three erasers (TET1, TET2 and TET3) and fourteen readers (MBD1, MBD2, MBD3, MBD4, ZBTB33, ZBTB38, ZBTB4, UHRF1, UHRF2, MECP2, UNG, TDG, NTHL1 and SMUG1). Based on a summary analysis of the incidence of somatic mutations in these 20 DNA methylation regulators, there was a low mutation rate for the patients with HCC from TCGA cohort (Figure 1A). Thirty-four patients can be found genetic mutation in available samples, and the mutation frequency of 20 DNA methylation regulators range from 1%-2%. The TET1 had the highest number of mutations of all the DNA methylation regulators (2%). The exploration of copy number variation (CNV) alteration frequency indicated common CNV alteration in the 20 DNA methylation regulators. DNMT1, UHRF1, TET2, MBD1/2/3 and ZBTB4 were focused on copy number deletion, while MECP2, DNMT3A, ZBTB33/38, NTHL1, UHRF2 and UNG had widespread frequency of CNV amplification (Figure 1B). In addition, the locations of the CNV alterations in the 20 DNA methylation regulators on chromosomes were presented in Figure 1C. The status of CNV alterations indicated that CNV might regulate the mRNA expression of DNA methylation regulators. Further analysis revealed that 19 out of 20 DNA methylation regulators were upregulated in tumor samples except TET2, although the expression of TET2 in tumor tissues is higher than in normal liver tissues (Figure 1D). These data suggest the 20 DNA methylation regulators may play important roles in HCC development.




Figure 1 | Landscape of genetic variations and transcriptional expression of DNA methylation regulators in HCC from TCGA cohort. (A) 34 of the 364 patients occurred genetic variations of 20 DNA methylation regulators with 9.34% mutation frequencies. (B) The frequency of CNV gain or loss among DNA methylation regulators. (C) The locations of CNV variations in DMRs on 23 chromosomes. (D) The expression level of 20 DNA methylation regulators between normal and HCC tissues. HCC, hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; CNV, copy number variant.





Identification of DNA methylation regulators-related modification patterns in HCC

From above results, we speculated that DNA methylation regulators regulated deep-seated regulatory mechanism, which promotes us to further to investigate their potential functional in HCC. First, we gathered 570 patients from two HCC cohorts (TCGA-HCC and ICGC-LIRC) to explore the expression patterns of DNA methylation regulators involved in tumorigenesis. Spearman correlation analysis was utilized to assess mutual regulation among these DNA methylation regulators (Figure 2A). The results revealed MBD2, ZBTB33 and TET2 had a significant positive correlation with other DNA methylation regulators. Next, Cox regression and Kaplan-Meier analysis were performed to classify the prognostic relationship of these regulators with the HCC patients. Forest plot revealed that DNMT1/3A//3B, TET1/3, MBD1/2/3, TDG, UHRF1, SMUG1 and UNG were significantly associated with shorter overall survival and were considered as risk factors in HCC patients (Figure 2B). The crosstalk network showed the interaction and the prognostic value among 20 DNA methylation regulators in patients with HCC (Figure 2C). In addition, to better understand the role of DNA methylation regulators in tumor immunity, we explored the correlation between the 20 DNA methylation regulators and TME-infiltration immune cells using Spearman correlation analysis, and we found a significant negative relationship between most of these regulators and immune cells interaction (Figure 2D). Among them, DNMT1, ZBTB4 and MBD2 presented a strong positive correlation with most types of immune cells, such as activated CD4+ T cells, immature dendritic cells, and regulatory T cells. These results revealed that DNA methylation regulators regulated tumor microenvironment, which might provide strategies for immunotherapy. To understand the heterogeneity of DNA methylation regulators in HCC patients, we then performed unsupervised clustering analysis to classify patients based on the expression profiles of 20 DNA methylation regulators (Figures S1A–I). These results indicated that k=3 could achieve the best cluster efficacy. Therefore, the patients were categorized into three different DMRPs, including pattern A (n=199), pattern B (n=206) and pattern C (n=165) (Figure 2E). The Kaplan-Meier curves revealed that the pattern C had the poorer prognosis than pattern A and pattern B (Figure 2F). PCA analysis suggested three clusters were apparently discernible dimensions in the 20 DNA methylation regulators transcription profiles (Figure 2G).




Figure 2 | Prognosis of DNA methylation regulators and patterns of DNA methylation regulators modification. (A) The correlation of 20 DNA methylation regulators in HCC patients. (B) The prognosis of 20 DNA methylation regulators in HCC patients. (C) The interaction among 20 DNA methylation regulators in HCC. The pink and blue line represents positive and negative correlation. The size of the circle represents the p value of the log-rank test. Green points represent favorable factors for OS. Purple points represent risk factors for OS. (D) The correlation between 20 DNA methylation regulators and 23 types of immune cells. (E) The consensus cluster matrix for patients with HCC. (F) The survival analysis for different patterns of patients. (G) PCA analysis indicated significant separation among three patterns. * p < 0.05.





Distinct DMRPs and function pathways analysis

What’s more, we found most of these DNA methylation regulators were highly expressed in pattern B. Pattern A was presented high expression levels of ZBTB4/33/38. Only NTHL1 was relatively highly expressed in pattern C (Figure 3A). These data indicated that three DMRPs had distinct characteristics in the DNA methylation regulators modification. Furthermore, as shown in the heatmap, we explored the association between the various clinicopathological characteristics and three patterns based on 20 DNA methylation regulators expression of the metadata set (Figure 3B). And we found pattern B was related to female patients and patients younger than 60 years old (p<0.05), and the number of deaths were higher than the other two patterns (p<0.001). Hence, the patients in pattern B had poorer prognosis than other two patterns. The comprehensive comparisons of the clinical features of the three DMRPs suggested most of these DNA methylation regulators played potential roles on oncogenesis. To investigate the underlying molecular mechanism and signal pathways to each DMRP, the GSVA enrichment analysis based on KEGG and Hallmark gene sets were conducted. As presented in Figures 3C, D, the results indicated significant difference between three patterns. The pattern B was significantly enriched in cell cycle and cancer-associated pathways, including DNA replication, PI3K/AKT/mTOR signaling. The pattern A was highly enriched in processes of metabolism and some carcinogenic activation pathways, such as retinol metabolism, Wnt pathway, mTOR pathway, and TGF-β signaling pathway (Figure 3C and Figures S2A, B, Table S7). However, the pattern C mainly presented enrichment metabolism in tyrosine and drug (Figures S2C, D). Thus, our results identified each DMRP is associated with its specific clinicopathological features and signaling pathways. Some previous studies had reported that PI3K/mTOR signaling pathway played a critical regulatory role in the tumor microenvironment. In immunology, mTOR was becoming as a key regulator of immune responses, which played an essential regulatory role in the differentiation and function of both innate and adaptive immune cells (28).What’s more, the previous results revealed that most of DNA methylation regulators were associated with multiple immune cells. Consequently, it’s essential to explore the correlation between DMRPs and tumor immune cells infiltration.




Figure 3 | The clinical features of different DNA methylation regulator-related patterns and relevant function mechanism. (A) The expression of 20 DNA methylation regulators among three DNA methylation regulator-related patterns. (B) The heatmap of the differences between the expression of 20 DNA methylation regulators and clinicopathological factors. (C, D) GSVA showed the results of KEGG and Hallmark pathways in distinct DNA methylation regulators related modification patterns, respectively. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001.





Characteristics of the TME immune cell infiltration in distinct DMRPs

Previous studies had reported DNA methylation played a crucial role on tumor immune microenvironment (29, 30). Hence, we evaluated the relationship between three DMRPs and 23 types of immune cell subsets of every HCC sample using ssGSEA. The heatmap displayed significant differences in 23 immune cells infiltrations among these DMRPs with various clinicopathological features (Figure 4A). We found that natural killer T cells, eosinophils, gamma T cells and type 1T helper cells had a higher proportion in pattern A than pattern B and C. The infiltration level of activated B cells, activated CD8 T cells, CD56bright natural killer cells, CD56dim natural killer cells, MDSCs, macrophages, monocytes, neutrophils, and type 17 T helper cells were higher in pattern C, while activated CD4 T cells and type 2 T helper cells had significantly higher infiltration in pattern B (Figure 4B). The immune landscape stated clearly that the significant differences of the relative expression of multiple immune infiltration cells among three DMRPs. To explore the influence of DNA methylation regulators on the TME of HCC, further analysis of TME scores (immune score, stromal score and estimate score) were evaluated by using the ESTIMATE algorithm. These results showed that the stromal score was the highest in pattern A than other two patterns, but there was no statistical significance between pattern B and pattern C (Figure 4C), and the highest immune score was found in pattern C (Figure 4D). However, there weren’t any significant differences in estimate scores among the three patterns (Figure 4E). In addition, blocking therapy against immune checkpoints was believed to increase the aggressiveness of the host immune system against tumor cells. Hence, we further assessed the expression levels of PD-1, PD-L1 and CTLA4 among three DMRPs. The analysis of immune checkpoints suggested that pattern B exited the highest expression of PD-1compared to pattern A and pattern C (Figure 4F). Similarly, the pattern B had a higher expression level of CTLA4 than pattern A and pattern C (Figure 4G). We also compared the PD-L1 expression levels in different DMRPs and found a significant upregulation in pattern A (Figure 4H). Based on these results, we identified that HCC patients with specific DMRPs were associated with different immune infiltration characteristics, which might influence the development and progression of HCC. What’s more, potential immunotherapy could be selected according to the expression of immune checkpoints in patients with different DNA methylation regulators modification.




Figure 4 | Characteristics of the TME immune cells infiltration in distinct DNA methylation regulators related modification patterns. (A) The heatmap of immune cell infiltration in three patterns. (B) The distribution of immune cells among three patterns. (C–E) The differences of TME score (stromal score, immune score and estimate score) among three patterns. (F–H) The expression levels of three important immune checkpoint in the three DMRPs. DMRPs: DNA methylation regulators related modification patterns; TME: tumor microenvironment. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001. ns, no significance.





DMRPs-related DEGs and gene clusters in HCC

To investigate the potential genetic alterations and expression perturbations affected by the three DMRPs in HCC, we screened a total of 151 DMRegs from three DMRPs using “limma” R package based on the metadata set (Figure S3A). Function annotation for these genes showed that some DMRegs were significantly correlated with metabolism in biological processes (Figure 5A), while material metabolism, glycolysis, and cell cycle were mainly pathways in KEGG analysis (Figure 5B). When we used univariate cox regression analysis to explore their relationship with the OS status of the HCC patients, and 112 DMRegs with significant prognostic value were selected to further identify (Table S8). Based on the expression profiles of these significant genes, we performed consensus clustering analysis and obtained three genomic clusters, namely gene Cluster A-C (Figure 5C and Figures S3B–I). The heatmap displayed the distinct characteristics of three phenotypes on the expression of prognostic DMRegs, and clinical analysis showed geneCluster C tended to relate to the advance TNM stage (Figure 5D). Additionally, the survival analysis demonstrated geneCluster C had a poorer survival rate (Figure 5E). Obviously, the expressions of DNA methylation regulators were significantly different among three gene clusters in the metadata set (Figure 5F). Most of these DNA methylation regulators (15/20) were presented higher expression levels in geneCluster C, such as DNMT1/3A/3B, TET1/3, ZBTB4, MBD1/2/3, TDG, UHRF1/2, SMUG1, UNG and MECP2. However, there was no significant difference between the expression of TET2, MBD4 and three gene clusters. Above all, these results illustrated the existence of specific clusters of genes in different DMRPs, which further supported the important roles of the three DMRPs in HCC.




Figure 5 | DNA modification pattern-related DEGs and gene clusters in HCC. (A, B) GO and KEGG enrichment analysis for DEGs of DMRPs. (C) Consensus cluster matrix of 570 patients for k = 3. (D) The relationship of clinical characteristics and unsupervised clustering of DEGs. (E) Kaplan-Meier curves of three gene clusters. (F) The expression levels of 20 DNA methylation regulators among three gene clusters. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001.





Generation of DMRegs_score in HCC

In order to more understand the impact of these DNA methylation regulators on patients on HCC patients and better apply the research results to clinical practice, we constructed a DMRegs_score based on 112 prognostic DMRegs. As displayed in Figures 6A, B, we performed LASSO cox analysis to build prognostic risk score based on optimal λ. According to the results, we obtained 8 genes (CDCA3, CDC20, YWHAQ, ADH4, TRNP1, CYP2C9, CALU and APOC1) in the signature, including five high-risk genes (CDCA3, CDC20, YWHAQ, TRNP1, and CALU) and three low-risk genes (ADH4, CYP2C9, and APOC1) (Figure S4A). We therefore chose these 8 genes to establish the DMRegs_score using following: DMRegs_score = (0.1507*expression of CDCA3) + (0.1259*expression of CDC20) + (0.0408*expression of YWHAQ) + (0.0220*expression of TRNP1) + (0.0443 * expression of CALU) + (-0.0189*expression of CYP2C9) + (-0.0096 * expression of APOC1) + (-0.0055 * expression of ADH4). With an optimal survival cut-point value of 3.75, we divided the patients into high-risk group (n=139) and low-risk group (n=431) (Table S9). A significant worse prognosis was observed for the patients in the high-risk group compared to the low-risk group (Figure 6C). The differential expressions of eight genes between high- and low-risk group were presented in Figures S4B–J.




Figure 6 | Generation of DMRegs_score. (A, B) The screen of candidate prognostic genes through LASSO cox regression analysis. (C) Survival analysis of the OS between different risk groups. (D) The predictive value of DMRs score. (E, F) The differences of DMRegs_score among DMRPs and gene clusters, respectively. (G) Sankey diagram of the DNA patterns, gene clusters, DMRegs_score and survival status. (H) The correlation between DMRegs and DMRegs_score. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001.



Three genes (ADH4, APOC1 and CYP2C9) were highly expressed in low-risk group, and the expression levels of five genes (CDCA3, CDC20, YWHAQ, TRNP1, and CALU) were higher in high-risk group. We also explored the relationship between eight genes expression and clinicopathological factors (Figure S5A). These results revealed advanced stage and death patients had higher expression level of high-risk genes. The mutated frequency of these genes was drawn using “maftool” package, and we found the few alterations happened in eight genes based on all HCC patients from TCGA (Figure S5B). The loop graph presented the chromosome locations and the gain or loss status of CNV among these risk genes (Figures S5C, D). The mutated frequency and CNV results indicated that these eight genes were epigenetically regulated by DNA methylation rather than DNA mutation or genomic alteration. What’s more, the 1-, 2-, and 3-year survival rate of DMRegs_score were illustrated by AUC values of ROC curves, 0.751, 0.724 and 0.710, respectively (Figure 6D). In addition, we discovered significant differences in DMRegs_score between three DMRPs and three gene clusters (Figures 6E, F). The DMRegs_score was highest in pattern B, while that of pattern A was lowest. Differently, the gene cluster C had the highest DMRegs_score than the other two phenotypes. The Sankey diagram showed the distribution of patients in three DMRPs, three gene clusters, DMRegs_score and survival status (Figure 6G). In addition, the correlation strength among these genes in DMRegs_score was presented in Figure 6H.



Assessment of TME, immune-infiltrating cells and immune checkpoint between different risk group

In order to clearly understand the relationships between DMRegs_score, TME and immune infiltrating cells, firstly, we evaluated the differences of TME scores between high- and low-risk groups. Figure 7A illustrated the low-risk group had higher stromal score than high-risk group. However, no significant differences of immune score and estimate score were observed between two risk groups. As represented in Figure 7B, the correlation of DMRegs_score and 23 immune-infiltrating cells illustrated DMRegs_score was positively correlated with actively CD4 T cells, MDSC, immune dendritic cells, natural killer T cells and type 2 T helper cells, while was negatively correlated with eosinophil, monocytes, neutrophil, regulatory T cells, and type 1T helper cells. And the heatmap displayed the abundance of 23 types of immune cell infiltration in patients with different clinical features (Figure 7C). Notably, we found the DMRegs_score was associated with T cells, so we further explored the expression of human leukocyte antigen (HLA) related genes in different risk groups (Figure 7D). Most of the HLA-related genes presented higher expression level in high-risk group. Similarly, analysis of three important immune checkpoints revealed higher expression of PD-1 and CTLA4 in high -risk group, while the expression of PD-L1(CD274) between different risk groups was no significant difference (Figures 7E–G). These results suggested a strong correlation between DMRegs and TME of HCC patients. We guested that the DMRegs played crucial roles on the development of HCC through influenced the immune status of HCC patients.




Figure 7 | The immune cell infiltration characteristics of DMRegs_score in HCC patients. (A) The differences of TME score in the two risk groups. (B) The relationship of DMRegs_score and 23 types of immune cells infiltration. (C) The landscape of immune cells infiltration of DMRegs_score in patients with different clinicopathological features. (D) The expression differences of HLA-related genes between two risk group. (E–G) The expression level of CD274, CTLA4 and PDCD1 in two risk groups. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001. ns, no significance.





Evaluation of the relationship between DMRegs_score and clinical characteristics

To investigate the effect of the DMRegs_score on clinical characteristics, we performed univariate and multivariate cox regression to identify whether the DMRegs_score can be an independent predicator to predict the prognosis of HCC patients. The forest plot showed the DMRegs_score could function as an independent prognostic indicator for overall survival in the multivariate analysis (Figure 8A). The clinical heat map showed




Figure 8 | The clinical features of DMRegs_score in HCC patients. (A) The forest plot of univariate and multivariate cox analysis for independent prognostic factor. (B) The correlation heatmap of two risk groups with different clinical features. (C–F). The correlation between DMRegs_score and survival status, age, gender and TNM stage. (G–J) The percentile of patients with different clinical features in two risk group. * P < 0.05, ** P < 0.01, *** P < 0.001, **** P < 0.0001.



more advanced stage patients gathered in high-risk group (Figure 8B). The DMRegs_score was significantly higher in death, female, and advanced stage patients, while no statistical difference was observed in age (<60 or >=60) (Figures 8C–F). What’s more, we also explored the proportion of patients with different clinical characteristics in two risk groups (Figures 8G–J). The Kaplan-Meier curves suggested that, whatever the age, gender and TNM stage, the patients in high-risk group had poorer survival rate than patients in low-risk group (Figure S6).



Function enrichment, tumor mutation burden and drug sensitivity analysis

To evaluate the potential molecular mechanism of this signature, we applied GSEA based on KEGG and Hallmark gene set. The function enrichment analysis demonstrated that cell cycle, glycolysis and cancer-associated pathways were mainly enriched in high-risk group (Figures 9A, B). These results were consistent with previous DMRPs and gene-related phenotypes. In previous studies reported TMB played a crucial role in cancer progress and immunotherapy. Therefore, we also assessed the mutational feature between two risk groups based on TCGA-LIHC cohort. The high-risk group had a higher mutation frequency (91.46%) in 82 patients, while the alteration frequency in the low-risk group was 82.46% (Figures 9C, D). The top ten mutated genes in the high- risk group were TP53, CTNNB1, TTN, MUC16, LRP1B, PCLO, APOB, MUC4, RYR2, and FAT3, and the most common type of mutation was missense mutation. Moreover, the Kaplan-Meier curves showed that patients with lower level of TMB had a more favorable survival rate than high-TMB (Figure 9E). Combined TMB with the DMRegs_score to assess the prognosis of HCC patients, we found patients with both high-TMB and high DMRegs_score had the poorest prognosis (Figure 9F). We further screened target therapeutic drugs for the treatment of HCC patients to assess the sensitivity in different risk groups. Importantly, we observed that patients in high-risk group had lower IC50 value for sorafenib (VEGFR inhibitor), tipifarnib (farnesyltransferase inhibitor), A.443654 (AKT inhibitor), veliparib (PARP inhibitor), olaparib (PARP inhibitor), IPA-3 (PAK inhibitor), GSK-650394 (SGK inhibitor) and CCT018159 (Hsp90 inhibitor) (Figures 9G, H, Figure S7), while the IC50 values of axitinib (VEGFR inhibitor), motesanib (VEGFR), CCT007093 (PPM1D inhibitor), and lesteurtinib (JAK inhibitor) were higher in patients with high DMRegs_score (Figure 9I, Figure S7). In a word, DMRegs_score was significantly correlated with TMB and patients’ clinical response to targeted therapy.




Figure 9 | The TMB and drug sensitivity analysis for patients with different risk score. (A, B) The GSEA analysis in different risk groups. (C, D) The characteristics of tumor genetic alterations in two risk groups. (E) The survival analysis of patients with different TMB. (F) The survival analysis among four patient groups stratified by both TMB and DMRegs_score. (G–I) The drug sensitivity analysis of patients with different risk score. TMB: tumor mutation burden.





Verification the DMRegs_score and development a nomogram to predict prognosis

To validate the reliability of the DMRegs_score, we used GSE76427 as external validation group. Patients were categorized into high- and low-risk groups. The multivariate cox analysis revealed the DMRegs_score could be an independent prognostic factor (Figure S8). Survival analysis indicated the high DMRegs_score had bad survival rate (Figure 10A). And the ROC curves showed the DMRegs_score still had accurate AUC values, 1-year for 0.733, 2-year for 0.789 and 3-year for 0.823(Figure 10B). We further established a nomogram based on the risk data of DMRegs_score and the patients’ clinical features from metadata set. The nomogram composed of DMRegs_score, gender and TNM stage (Figure 10C). The AUC value of nomogram for 1-year, 2-year, and 3-year were 0.768,0.728, and 0.757, respectively (Figure 10D). In addition, we used calibration curves to confirm this nomogram prediction model (Figure 10E). However, compared with the AUC value of DMRegs_score, the nomogram scoring system had a slightly weaker predictive ability.




Figure 10 | Validation of DMRegs_score in GSE76427 set and construction of nomogram. (A) The Kaplan- Meier curves of the OS between the two groups. (B) The predictive value of DMRegs_score was presented by ROC curves. (C) Nomogram to predict the 1-, 2- and 3-year OS of HCC patients in training set. (D, E) ROC and calibration curves of Nomogram for predicting of 1-, 2-, and 3-year OS in training set. ROC: receiver operating characteristic.





Validation of the expression levels of the eight risk genes which are used for the prognostic signature

Forty-one HCC tissues and adjacent normal tissues were used to detect the mRNA and protein expression of eight genes in this risk score by qRT-PCR and IHC. As presented in Figure 11, the mRNA expression level of ADH4, APOC1, and CYP2C9 were downregulated while those of CALU, CDC20, CDC3A, TRNP1, and YWHAQ were elevated in HCC tissues compared to the levels in the paired normal tissues. The results of IHC staining showed the same result as qRT-PCR, and almost genes expressed in cytoplasmic except TRNP1 expressed in nucleus (Figure 12).




Figure 11 | The mRNA expression levels of 8 DMRegs of prognostic signature in hepatocellular carcinoma tissues and corresponding normal tissues by RT-qPCR.






Figure 12 | The protein expression levels of 8 DMRegs of prognostic signature in hepatocellular carcinoma tissues and corresponding normal tissues by IHC.






Discussion

DNA methylation is closely related to carcinogenesis, tumor progression and metastasis (31, 32). In addition, by impacting multiple oncogenic pathways and tumor suppressor genes, DNA methylation regulators contribute to carcinogenesis in a broad range of tissue histologist (33, 34). In our study, based on expression levels of 20 DNA methylation regulators, we identified three DMRPs, and each DMRP correlated with different prognosis and signal pathway. Furthermore, Pattern B had the poorer prognosis and enriched in cell cycle and cancer-associated pathways, while the other two patterns mainly enriched in processes of metabolism. Besides, in order to confirm the efficacy of this regulatory mechanism, we applied consensus clustering analysis and found that genes cluster C was closely associated with more advanced TNM stage and poorer prognosis. Therefore, our study elucidates that the involvement of DNA methylation regulators in tumor development from a horizontal perspective, and provides new insights into the molecular networks involved in the regulation of DNA methylation regulators.

DNA methylation regulators can also impact the activation, differentiation, and functional fate of immune cells, which serve as a surveillance system against cancer (9, 35). For example, DNA demethylase TET2 promotes melanoma progression by maintaining the immunosuppressive function of myeloid cells and enhances anti-tumor immunity by governing G-MDSCs and CD8 + T-cell numbers (36, 37). The vast majority of studies, however, focused on a single DNA methylation regulator and its effect on altering TME (38–40). The immune cells infiltration characteristics, which are mediated by multiple synergistic DNA methylation regulator, have remained poorly understood. In this study, the DMRPs and TME immune infiltrating cells were closely related to each other. In addition, the immune scores and immune infiltrating cell types were significantly different in three DMRPs. More importantly, Based on DNA methylation regulators features found in individual tumors, we developed an effective DMRegs_score model and demonstrated its predictive ability. The clinicopathological features, prognosis and stromal score of high- and low-risk score were significantly distinct. Moreover, DMRegs_score was positively correlated with actively CD4+ T cells, MDSC, immune dendritic cells, natural killer T cells and type 2 T helper cells. Previous studies have indicated that more CD4+ T cells suggest a better prognosis (41, 42). However, our study found the tumor stage was more advanced in the population with high-risk group and more CD4+ T cells, and this group had better efficacy with drugs such as sorafenib and higher expression of PD-1 and CTLA-4, suggesting that the group may have a better outcome with combination therapy despite their late staging. In addition, other cancer immunotherapies in clinical trials, including dendritic cell vaccines and oncolytic viruses are also associated with TME immune infiltrating cells, such as T cells and dendritic cells (43, 44). During tumor growth, the stromal component is powerfully constricting to the immune cells, which can both be present in the tumor capsule and throughout the tumor tissue in order to prevent them from exerting anti-tumor effects (45). This is also supported by the evidence of strong stromal activation in DMRP C, where the activation of immune cells was inhibited by the AKT/mTOR pathway.

ICIs have been found to be effective in combinatorial strategies in advanced HCC patients (46). However, there is no effective biomarker for assessing the response to ICIs therapy and the prognosis of patients with HCC (47). Our detailed analyses indicated that the DMRegs_score signature probably is a robust and reliable biomarker to assess HCC patients’ responses to ICIs and TKIs. Patients with high DMRegs_score displayed higher expression of PD-1 and CTLA-4 compared with patients with lower DMRegs_score. Previous studies indicated that higher expression of PD-1, CTLA-4 and TMB might be inclined to respond to ICIs (48, 49). Thus, we concluded that patients with high DMRegs_score, which have high TMB, high expression of PD-1, and CTLA-4 might be more suitable to ICIs. Furthermore, for advanced hepatocellular carcinoma (HCC), tyrosine kinase inhibitors (TKIs) are effective therapeutic strategies. High DMRegs_score group had lower IC50 value for some types of TKIs, such as sorafenib, tipifarnib, veliparib, olaparib, which suggested that the DMRegs_score may be predictive of TKIs and ICIs combination therapy for HCC.

In comparison to existing studies of prognostic signatures of HCC, this study has some notable advantages and limitations. First, the global DNA methylation regulators landscape was modeled in order to systematically examine the effects of DNA methylation regulators on TME in HCC patients, which have not been clarified before. Furthermore, we examined the possible role of DNA methylation regulators-related status in predicting the clinical response to immunotherapy in HCC. Our data give rules about how DNA methylation regulators influenced the multiplicity of TME. Secondly, all analyses and samples were obtained primarily based on bioinformatics analysis, and although we did some clinical validation, it is indispensable to conduct prospective studies to further validate the efficacy of DMRegs_score. Besides, a few important clinical variables like surgery and chemoradiotherapy were missing, which could have affected the prognosis of DNA methylation regulators status and the immune response.

In summary, in our comprehensive research on DNA methylation regulators, we uncovered a broad range of regulatory mechanisms in HCC through which they affected clinicopathological features, TME, and prognosis. Additionally, we investigated the therapeutic effects of DNA methylation regulators in targeted therapy and immunotherapy in HCC. Our study emphasized the important clinical implications of DNA methylation regulators and provide new insights into how to personalize immunotherapy for patients with HCC.
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Supplementary Figure 1 | The unsupervised clustering of DNA methylation regulators and consensus matrix heatmaps. (A) Cumulative distribution function (CDF) curve. (B) CDF Delta area curve, which indicates the relative change in the area under the CDF curve for each category number k compared with k-1. (C) The consensus matrix heatmaps for k = 2, and k = 4-9.

Supplementary Figure 2 | The GSVA analysis of DNA methylaiton regulators-related patterns between pattern (A–C) and pattern (B, C).

Supplementary Figure 3 | The unsupervised clustering of DNA methylation regulators-related DEGs and consensus matrix heatmaps. (A) Venn diagram of DEGs among three DNA methylation regulators-related patterns. (B) CDF Delta area curve. (C) The consensus matrix heatmaps for k = 2, and k = 4-9.

Supplementary Figure 4 | Characteristics of eight genes in the risk model. (A) The prognosis of eight genes in HCC patients. (B–I) The expression differences of eight genes in two risk groups.

Supplementary Figure 5 | Landscape of genetic variations and transcriptional expression of eight genes. (A) The expression level of eight genes between different risk groups with clinical features. (B) 7 of the 364 patients occurred genetic variations of eight genes with 1.92% mutation frequencies. (C) The locations of CNV variations in eight genes on 23 chromosomes. (D) The frequency of CNV gain or loss among eight genes.

Supplementary Figure 6 | Stratification analysis of the DMRegs_score in HCC. (A, B) Age (age ≤ 60 and age > 60 years old). (C, D) Gender (female and male). (E, F) Tumor stage (I-II or III-IV).

Supplementary Figure 7 | The relationship between DMRegs_score and therapeutic sensitivity.

Supplementary Figure 8 | The univariate and multivariate cox analysis of DMRegs_score in validating set.
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Background

Actin-related protein 2/3 complex subunit 5 (ARPC5) is one of the members of actin-related protein 2/3 complex and plays an important role in cell migration and invasion. However, little is known about the expression pattern, prognosis value, and biological function of ARPC5 in pan-cancer. Thus, we focus on ARPC5 as cut point to explore a novel prognostic and immunological biomarker for cancers.



Methods

The public databases, including TCGA, GTEx, and UCEC, were used to analyze ARPC5 expression in pan-cancer. The Human Protein Atlas website was applied to obtain the expression of ARPC5 in different tissues, cell lines, and single-cell types. Univariate Cox regression analysis and Kaplan–Meier analysis were used to explore the prognosis value of ARPC5 in various cancers. Spearman’s correlation analysis was performed to investigate the association between ARPC5 expression and tumor microenvironment scores, immune cell infiltration, immune-related genes, TMB, MSI, RNA modification genes, DNA methyltransferases, and tumor stemness. Moreover, qPCR, Western blot, and immunohistochemistry were carried out to examine the differential expression of ARPC5 in HCC tissues and cell lines. CCK8, EdU, flow cytometry, wound-healing assays, and transwell assays were conducted to explore its role in tumor proliferation, apoptosis, migration, and invasion among HCC cells.



Results

ARPC5 expression was upregulated in most cancer types and significantly associated with worse prognosis in KIRC, KIRP, LGG, and LIHC. mRNA expression of ARPC5 showed low tissue and cell specificity in normal tissues, cell lines, and single-cell types. ARPC5 expression was positively correlated with the tumor microenvironment scores, immune infiltrating cells, immune checkpoint–related genes in most cancers. ARPC5 in STAD and BRCA was positively associated with TMB, MSI, and neoantigens. We also discovered that ARPC5 was correlated with the expression of m1A-related genes, m5C-related genes, m6A-related genes, and DNA methyltransferases. In experiment analyses, we found that ARPC5 was significantly highly expressed in HCC tissues and HCC cells. Functionally, silencing ARPC5 dramatically decreased proliferation, migration, and invasion ability of HCC cells.



Conclusions

ARPC5 expression affects the prognosis of multiple tumors and is closely correlated to tumor immune infiltration and immunotherapy. Furthermore, ARPC5 may function as an oncogene and promote tumor progression in HCC.
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Introduction

Actin-related protein 2/3 complex (Arp2/3) is one of the major molecules that promotes the nucleation of new microfilaments and generates branched actin networks in the process of actin protein assembling into microfilaments (1). Arp2/3 complex is composed of seven conserved subunits: two actin-like subunits (Arp2 and Arp3) and four structural subunits (ARPC1/p40, ARPC2/p34, ARPC3/p21, ARPC4/p20, and ARPC5/p16) (2). The conformation of these subunits is changed by regulatory activators and inhibitory proteins; the activated Arp2/3 complex contributes to the actin-branched junction and, thus, cross-links the polymerizing actin filaments (1). As an inseparable element in the context of the actin cytoskeleton, Arp2/3 complex has been proved involving in many essential functions, including cell division, adhesion, migration, and endocytosis (3). The invasion and metastasis of cancer cells are mainly relied on actin-related pseudopodia, microfilaments, and associated proteins. The overactivation of the Arp2/3 complex generally increases the formation of invasive pseudopodia and, thus, promotes cancer migration and metastasis (4). Previous studies found that Arp2/3 subunits are highly expressed in a variety of cancers and promote the tumorigenesis and development, including pancreatic cancer (5, 6), breast cancer (7–9), lung squamous cell carcinoma (10), prostate cancer (11), gastric cancer (12), colorectal cancer (2), and bladder cancer (4). Despite the vital role of Arp2/3 complex in an extensive range of cellular processes, studies on the specific functions and mechanisms of some subunits in the complex are relatively scarce, including ARPC5.

ARPC5 is a core component of actin-related protein 2/3 (Arp2/3) complex, which is essential for activating Arp2/3 complex-mediated actin nucleation. The abnormal expression of ARPC5 likely causes functional aberrations of the whole complex. Several studies demonstrated that ARPC5 contributes to tumor growth or metastasis, including head and neck squamous cell carcinoma (13), lung squamous cell carcinoma (10), and melanoma (14). Moreover, bioinformatics analyses have suggested that ARPC5 expression is significantly increased in multiple myeloma (MM) cells compared with normal plasma cells, and high expression of ARPC5 is associated with poor overall survival (OS) in patients with MM. Our previous study also suggested that the higher ARPC5 expression has significantly poor OS and acts as an independent factor in predicting poor prognosis of hepatocellular carcinoma (HCC) patients (15). Nevertheless, the expression pattern, prognosis values, and biological roles of ARPC5 in most types of cancer have seldomly been analyzed systematically. Thus, it is essential to explore the roles of ARPC5 in pan-cancer from a novel and comprehensive perspective.

In this study, we conducted pan-cancer analyses of ARPC5 among 33 human cancer types using the Cancer Genome Atlas (TCGA) datasets, Genotype-Tissue Expression (GTEx) datasets, and some online bioinformatic analysis websites. We first investigated the expression pattern of ARPC5 in pan-cancer and discussed the associations of ARPC5 expression with pan-cancer prognosis and clinicopathological parameters. We also explored the correlation between ARPC5 and tumor microenvironment (TME) scores, immune cell infiltration, and immune subtypes. Moreover, the association between ARPC5 and tumor immunotherapy response was unveiled. In addition, a series of experiments were conducted to confirm the differential expression of APRC5 in HCC cell lines and HCC tissues and explore its potential biological functions in HCC cells. Our study preliminarily revealed the latent application of the ARPC5 as a predictive biomarker of prognosis and immunotherapy response in pan-cancer, which deserves further research.



Materials and methods


Clinical samples and ethnics approval

A total of 40 paired pathologically diagnosed HCC specimens and adjacent normal liver tissues were obtained after liver resection at the Second Affiliated Hospital of Nanchang University (Nanchang, China) from November 2020 to November 2021. One part of the specimens was fixed with 10% formalin, others were frozen with liquid nitrogen and stored in −80°C freezer until further processing. This study was prior approved by The Second Affiliated Hospital of Nanchang University Medical Research Ethics Committee, and written informed consent was provided by each patient enrolled in this study in accordance with the Declaration of Helsinki. Clinical and pathological characteristics of each patient were collected and shown in Table 1. We also obtained the postsurgical Disease-Free Survival (DFS) data of all participants until July 2022 (last follow-up visit).


Table 1 | Clinical and pathological features of HCC patients.





Acquisition and processing public sequencing data of pan-cancer

The RNA-sequencing data of pan-cancer (33 cancer types) were downloaded from the UCEC database (http://xena.ucsc.edu/), which integrated TCGA database and GETx Project. The datasets were normalized and batched to the log2 (Fregments Per Kilobase per Million [FPKM]+1). Five cancers with less than three samples were eliminated, and the remaining 28 cancer types were involved in the gene differential analysis. Wilcoxon Rank Sum Test was used to evaluate the ARPC5 expression level between tumor tissues and the unpaired or paired normal tissues using the “ggplot2”and “reshape2” package of R 4.0.5 software (http:///www.r-project.org/), a value of p < 0.05 was considered to be statistically significant. Afterward, mRNA expression of ARPC5 in different tissues, cell lines, and single-cell types were directly obtained from the Human Protein Atlas website (https://www.proteinatlas.org/).



Genetic mutation analysis of ARPC5 in pan-cancer

The web-accessible database cBioPortal (https://www.cbioportal.org/) was utilized to analyze the gene mutation characteristics of ARPC5, including the alteration frequency, mutation type, and copy number alteration in pan-cancer. The results were presented by pressing “quick search,” entering ARPC5, and selecting”Cancer Types Summary” model. Then, to further explore the correlation between ARPC5 expression and genomic variation, first, we downloaded copy number variation (CNV) datasets of the levels 4 processed by GISTIC software from TCGA database and integrated the CNV data with gene expression data. Next, Wilcoxon Rank Sum Test or Kruskal–Wallis Rank Sum Test was conducted to investigate the ARPC5 differential expression in different CNV subgroups of the pan-cancer. p-values of less than 0.05 (p < 0.05) were considered significant.



The correlation analysis of ARPC5 with prognosis and clinical characteristics in pan-cancer

First, the clinical information and prognosis data were acquired from the UCEC database (http://xena.ucsc.edu/), which derived from a TCGA prognosis study (16), including OS, progression-free interval (PFI), and disease-specific survival (DSS). Then, univariate Cox regression models and Kaplan–Meier analysis were conducted to explore the relationship between ARPC5 expression and prognosis in pan-cancer via using “survival” and “survminer” R package. The significance was obtained via Log-rank statistical test between the high- and low-expression subgroups. The statistical significance was defined as p < 0.05. Thereafter, TISIDB (http://cis.hku.hk/TISIDB/index.php) (17), which is a web portal for tumor and immune system interaction and contains numerous heterogeneous data types from TCGA database, was used to explore the correlation between ARPC5 expression and pan-cancer clinical stages, histologic grades, and tumor molecular subtypes. Correlations were assessed using Spearman’s correlation analysis and presented as rank coefficient (rho) and p-value. The results were exhibited when p-values were < 0.05.



The correlation of ARPC5 expression and TME and tumor immunity

The TME significantly influences the progression and metastasis of tumors, in which immune and stromal cells are two major non-tumor components (18). The Immune and Stromal scores were calculated by ESTIMATE algorithm using the “estimate” R package, which respectively represent the proportion of immune cells and stromal cells in the TME of tumor samples. Then, we performed the Spearman’s correlation analysis to evaluate the association between ARPC5 expression and the Immune/Stromal scores.

Thereafter, Tumor Immune Evaluation Resource (TIMER) (http://timer.comp-genomics.org/), a web server for comprehensive analysis of tumor-infiltrating immune cells, was used to calculate the infiltration scores of B cell, CD4 T cell, CD8 T cell, neutrophil, macrophage, and dendritic cells (DCs) in each sample. We selected the “Gene” module in TIMER and applied Spearman’s correlation analysis to assess the correlation between the expression of ARPC5 and immune cell infiltration. A p value < 0.05 was considered statistically significant. The results were presented with heatmap, and the top five cancer types with the strongest correlations were displayed with scatterplots.

Immune subtypes can effectively characterize intra-tumoral immune states, including six immune subtypes: C1 (wound healing), C2 (IFN-gamma dominant), C3 (inflammatory), C4 (lymphocyte depleted), C5 (immunological quiet), and C6 (TGF-beta dominant) (19). Different tumor types varied substantially in their proportion of immune subtypes. To identify the relationship between the expression of ARPC5 and immune subtypes in different cancer types, we applied online TISIDB web portal and the Kruskal–Wallis Test to conduct the differential expression analysis of ARPC5 in different immune subtypes of pan-cancer. Significance for the results was established and displayed when p-values were < 0.05.



The relationship between the ARPC5 expression and immunotherapy

Immunotherapy is a validated and critically important approach for treating patients with cancer (20). In recent years, immune checkpoint inhibitors (ICIs) have shown remarkable potential in several types of cancer (21). The expression profiling of immune checkpoint–related genes on tumor cells or immune cells might effectively predict clinical benefit to checkpoint inhibitor strategies (22). Moreover, numerous studies have proved that tumor mutation burden (TMB), microsatellite instability (MSI), and neoantigens produced by somatic mutations were primary drivers of tumor immune responses, and mutational or neoantigen burden has also been studied as a predictive biomarker in patients given checkpoint inhibitors (22, 23). In this study, we first acquired the gene mutation data of 33 cancer types possessed with “varscan 2” method from TCGA database and calculated the TMB of each cancer sample with Perl 5.30.0 software (https://www.perl.org/). Meanwhile, we obtained summarized MSI data of pan-cancer from previous studies (24, 25). Then, we probed the association between ARPC5 expression with 47 immune checkpoint–related genes, TMB, and MSI with Spearman’s correlation method. Moreover, Sangerbox website (http://sangerbox.com) was utilized to investigate the correlation between ARPC5 expression and neoantigens via “Tool” module and Spearman’s correlation test. All the results were visualized as heatmaps or radar plots.



Correlation analysis of ARPC5 expression with RNA modification, DNA methylation, and tumor stemness

Increasing evidences indicated that RNA modification pathways are misregulated in human cancers and closely connected to cancer pathogenesis. Of those, the common and characterized RNA modification are the methylation of adenosine at position 6 to give N6­methyladenosine (m6A), RNA 5­methylcytosine (m5C), and methylation of adenosine at position 1 to give N1­methyladenosine (m1A) (26). Thus, we performed Spearman’s correlation analysis to explore the relationship of ARPC5 expression with the three types of RNA modification related genes, including 10 m1A-related genes (TRMT61A, TRMT61B, TRMT10C, TRMT6, YTHDF2, YTHDF3, YTHDF1, YTHDC1, ALKBH1, and ALKBH3), 13 m5C-related genes (TRDMT1, NSUN3, NSUN4, NSUN5, NSUN7, DNMT3A, NSUN2, DNMT1, NSUN6, NOP2, DNMT3B, TET2, and ALYREF), and 21 m6A-related genes (VIRMA,WTAP, METTL14, CBLL1, RBM15, METTL3, RBM15B, ZC3H13, ALKBH5, FTO, IGF2BP1, LRPPRC, FMR1, YTHDC1, YTHDC2, HNRNPC, YTHDF2, YTHDF3, YTHDF1, HNRNPA2B1, and ELAVL1).

DNA methylation is an important epigenetic modification regulating gene expression, and deregulation of DNA methylation is strongly associated with the tumor occurrence and development (27). The process of DNA methylation is regulated by different DNA methyltransferase enzymes. In our study, we analyzed the relationship between ARPC5 and DNA methylation process by evaluating the co-expression association of five methyltransferases (DNMT1, TRDMT1, DNMT3A, DNMT3B, and DNMT3L) and ARPC5.

Cancer progression involves in gradual loss of differentiated phenotype and acquisition of stem cell–like features. A great number of genomic, epigenomic, transcriptomic, and proteomic signatures have been associated with cancer stemness (23). In this study, we obtained tumor stemness scores (DNAss and RNAss) calculated by DNA methylation signature and mRNA expression from previous study (28) and integrated transcription expression data with two stemness scores to perform the Spearman’s correlation test. The online website Sangerbox was used to explore the correlation between ARPC5 expression and stemness indexes of pan-cancer.



Cell lines and RNA interference

The HCC cell lines MHCC 97-H, Huh7, HCC-LM3, and HepG2 were purchased from Procell (Wuhan, China). The normal liver cell L-02 was obtained from the Chinese Academy of Science. These cells were maintained in Dulbecco’s modified Eagle’s medium (DMEM; Solaibio, Beijing, China) supplementing with 10% fetal bovine serum (FBS) (Gibco, Grand Island, NY, USA), 100 µg/ml streptomycin and 100 U/ml penicillin sodium (Biotechnology, Beijing, China) at 37°C.

Three different small-interfering RNA (siRNA) sequences, targeted to ARPC5 and negative control siRNA, were designed and synthesized by GenePhram Gene (A09001, Shanghai, China). The siRNA fragments were transfected with TransIntroTM EL Transfection Reagent (TransGen Biotech, Beijing, China) in accordance with the manufacturer’s protocol. Transfected cells were cultured in DMEM medium without FBS and replaced with complete medium after 4–6 h. Subsequent experiments were conducted after transfection for 48 h. The sequences of siRNA-targeted ARPC5 were listed as follows: si-ARPC5#1 sense 5′- GUGGAUGAAUAUGACGAGATT-3′ and antisense 5′-UCUCGUCAUAUUCAUCCACTT-3′; si-ARPC5#2 sense 5′-GGCAUU CCAUCACAGGAAATT -3′ and antisense 5′- UUUCCUGUGA UGGAAUGCCTT -3′; si-ARPC5#3 sense 5′-GCAGUGCUAUGUUACU GCATT-3′ and antisense 5′- UGCAGUAACAUAGCACUGCT-3′; negative control: sense 5′- UUCUCCGAACGUGUCACGUTT-3′ and antisense 5′- ACGUGACACGUUCGGAGAATT-3′.



Quantitative real-time PCR

Total RNA was extracted using Trizol Reagent (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions. Next, the RNA was reversely transcribed to first-strand cDNA via the EasyScript® One-Step gDNA Removal and cDNA Synthesis SuperMix (AE311-03, TransGen Biotech, Beijing, China). Then, quantitative real-time polymerase chain reaction (qPCR) was conducted with TB Green® Premix Ex Taq™ II (RR820A, TaKaRa, China), taking Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) as the endogenous control. The relative mRNA expression of HCC cells was calculated using the 2-ΔΔCT method, and the relative mRNA expression of HCC tissues was reckoned by 2-ΔCT. The gene primers were presented as follows: ARPC5 Forward: 5′-TGGTGTGGATCTCCTAATGAAGT-3′; Reverse: 5′-CACGAACAATGG ACC CTACTC-3′; GAPDH Forward: 5′- GGAGCGAGATCCCTCCAAAAT-3′; Reverse: 5′- GGCTGTTGTCATA CTTCTCATGG-3′.



Western blotting analysis

The total protein was extracted from the HCC cells and HCC tissues with radioimmunoprecipitation assay (RIPA) lysis buffer and protease inhibitor (Beyotime, Shanghai, China). Protein concentration was assessed by BCA assay kit (Beyotime, Shanghai, China). Proteins were separated in a 10% SDS-polyacrylamide gel electrophoresis (SDS-PAGE) and transferred to a PVDF membrane. The membrane was blocked with 5% nonfat milk for 2 h at room temperature and incubated with diluted primary antibody overnight at 4°C. The primary antibodies anti-ARPC5 was purchased from Abmart (1:2000, T553316S, Shanghai, China), and primary antibodies against GAPDH (1:5000, 60004-1-Ig), E-cadherin (1:5000, 20874-1-AP), N-cadherin (1:2000, 22018-1-AP), snail (1:1000,13099-1-AP), and vimentin (1:5000, 10366-1-AP) were purchased from Proteintech (Wuhan, China). Then, the membrane was treated with horseradish peroxidase (HRP)–labeled goat anti-rabbit or anti-mouse IgG antibodies (SA00001-1/SA00001-2, Proteintech, diluted at 1:10000) at room temperature for 1 h. The protein bands were detected using the chemiluminescence ELC (Beyotime, Shanghai, China) and Bio-Rad (Hercules, CA, USA) gel scanning. ImageJ software (ImageJ 1.8.0, NIH, Bethesda, MD) was used to quantitatively analyze the relative protein content.



Immunohistochemistry staining

The 40-paired fresh HCC tissues and adjacent normal liver tissues were collected immediately after resection from the Second Affiliated Hospital of Nanchang University, formalin-fixed, paraffin-embedded, planked on a glass slide, and baked at 60°C for 2 h. This was followed with standard xylene dewaxed procedure, hydrated with the gradient ethanol, and blocked the endogenous peroxidases with 0.3% H2O2. After the antigen retrieval, the rabbit anti-human ARPC5(1:500, T553316S, Abmart) primary antibody was applied to the slides and incubated at 4°C overnight and followed by the secondary anti–horseradish peroxide for 30 min. Next, the slides were stained with DAB chromogenic reagent and hematoxylin. Finally, slides were dehydrated, transparent and sealed. Microscopic images were observed by light microscopy. Representative results were presented. The Image-pro plus 6.0 software (Media Cybernetics, Inc., Rockville, MD, USA) was used to calculate cumulative optical density (IOD) and pixel area of tissue, and the immunohistochemical results were expressed as mean optical density.



Cell proliferation assays

CCK8 assays and 5-ethynyl-2′-deoxyuridine (EdU) staining assays were used to detect the proliferation ability of HCC cells. For the CCK8 assay, a total of 2 × 103 transfected cells were uniformly seeded in 96-well plates and cultured for 12, 24, 48, and 72 h. CCK8 reagent (10 μl) was added into each well for 2-h incubation. The absorbance at a wavelength of 450 nm was detected on an enzyme immune-assay analyzer (Bio-Rad, Hercules, CA, USA). EdU assay was performed using YF 555 Click-iT EdU kit (C6016L, US Everbright® Inc., China) according to the manufacturer’s instructions. The transfected HCC cells were planted in the 96-well plate, incubated for 24 h, and labeled with EdU reagent. After fixation and permeabilization, the cells were stained with EdU fluorescence staining kit. The images were observed and photographed by fluorescence microscopy, and ImageJ software was used to calculate the percentage of proliferation cells.



Flow cytometry

After 48 h of transfection, cell apoptosis was detected with FITC-Annexin V/PI apoptosis detection kit (F6012, US Everbright® Inc., China). According to the product instruction, first, the cells were digested with EDTA-free trypsin, centrifuged at 1,000 rpm/min for 5 min, washed three times with phosphate-buffered saline (PBS), and resuspended the cells with 100 µl of mixed buffer. Then, the cell samples were stained with 5 μl of PI and 5 μl of FITC-Annexin V. After incubating at 4°C for 15 min protected from light, another 400 μl of binding buffer was added to the flow samples and mixed well. At last, flow cytometer (FACSCalibur flow cytometer; BD Biosciences, San Jose, CA, USA) was used to detect the apoptotic cells, and the apoptosis percentage was calculated, including early apoptosis (Annexin V+/PI-) and late apoptosis (Annexin V+/PI+).



Cell migration and invasion assays

The migration ability of HCC cells was detected by Scratch assays. First, the transfected HCC cells were evenly plated and incubated in 6-well until 100% confluence. Then, a sterile 100-μl pipette tip was used to scratch the cell monolayer and produce a clear wound. The cells were washed with PBS to remove floating cells and cultured with fresh serum containing medium for 48 h. The cells images were acquired with an optical microscope system at 0, 24, and 48 h. The scratch area was measured with ImageJ software, and cell mobility was determined with the following formula: Cell migration rate (%) = (1 − scratch area/original scratch area) × 100%.

The invasion ability of HCC cells was analyzed by the Transwell chamber assay. The upper chamber was pre-covered with a layer of Matrigel gel (YB356234, BD Biosciences, USA), placed into a 24-well plate and dried overnight. Then, the transfected cells (2 × 104) were suspended with 200 μl of serum-free medium and seeded in the upper chamber, cell medium with 10% FBS was added to the lower chamber. After incubation for 48 h, the cells were fixed with 4% formaldehyde and stained with 0.1% crystal violet staining solution. The number of invading cells was counted using a light microscope at ×200 magnification.



Statistical analysis

R software (https://www.r-project.org/version 4.0.4) was used to perform bioinformatic analyses. Wilcoxon Rank Sum Test or Kruskal–Wallis Rank Sum Test was applied to evaluate the differences between groups. Kaplan–Meier method and Cox regression analysis were used for survival analysis. Spearman’s correlation analyses were performed to clarify the correlations between groups. The experimental data were analyzed with GraphPad Prism 9.0 software. All experiments were repeated in triplicates. The results were reported as the M ± SD. The differences between groups were analyzed by using Student’s t-test or one-way analysis of variance (ANOVA). All statistical tests were two-sided, and statistical significance was set at p < 0.05.




Results


The expression analysis of ARPC5 in pan-cancer

In our study, we first downloaded the RNA-sequencing data of 33 cancer types from UCSC database basing on TCGA datasets and GETx datasets. After removing the cancer types with less than three samples, 22 cancer types of TCGA data (N = 8886) and 28 cancer types in TCGA target GTEx data (N = 16962) were enrolled in gene differential analysis. Then, the differential expression of ARPC5 between tumor and normal tissues of pan-cancer was assessed using Wilcoxon Rank Sum Test. Figure 1A showed the analysis of TCGA dataset, the mRNA expression of ARPC5 in tumor tissues of GBM, CESC, BRCA, ESCA, KIRP, STAD, HNSC, KIRC, LIHC, BLCA, and CHOL was higher than the corresponding normal tissues. While significant downregulation of ARPC5 was observed in LUAD, COAD, PRAD, LUSC, THCA, and KICH. After integrating the TCGA data with GTEx datasets, we discovered that the ARPC5 was upregulated in other 10 cancer types, including LGG, COAD, PRAD, LUSC, WT, SKCM, THCA, OV, PAAD, and TGCT. ARPC5 was downregulated in UCS, ALL, and KICH (Figure 1B). In addition, paired sample analysis was performed in the 18 cancer types based on TCGA datasets, ARPC5 expression was found to be upregulated in tumor tissues of BRCA, BLCA, CHOL, ESCA, HNSC, KIRC, KIRP, LIHC, LUSC, and STAD, while downregulated in KICH and THCA. (Figure 1C). The results indicated that the expression of ARPC5 was upregulated in most cancer types.




Figure 1 | The expression levels of APRC5 in different cancers, normal tissues, and cells. (A) The differential expression of ARPC5 in pan-cancer tissues from TCGA datasets. (B) The differential expression of ARPC5 in pan-cancer tissues based on TCGA and GTEx datasets. (C) ARPC5 expression in paired cancer tissues and adjacent normal tissues from TCGA datasets. (D) The mRNA expression levels of ARPC5 in different normal tissues from HPA database. (E) The mRNA expression of ARPC5 in cancer cell lines from HPA database. (F) ARPC5 mRNA expression in different single cell types from HPA database. ns: no significance; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



Furthermore, Human Protein Atlas website was applied to assess the APRC5 expression in different tissues and cell lines. As shown in Figures 1D–F, the ARPC5 expressed in all normal tissues and cell lines, showing low RNA tissue and cell specificity in human normal tissues, tumor cell lines, and single cell types. The mRNA expression levels of ARPC5 were relatively higher in lymph nodes, appendix, and blood and immune cells whereas lower in brain tissues and neuronal cells.



Genetic alteration status of ARPC5 in pan-cancer

The online platform cBioPortal was used to analyze the gene alteration frequency and mutation type of ARPC5 in pan-cancer. The results indicated the most common alteration types was gene “Amplification,” followed by “Mutation,” “Deep Deletion,” and “Structural Variant.” The highest alteration frequency of ARPC5 was observed in cholangiocarcinoma, in which three of 32 cases (8.33%) happened gene “Amplification.” The gene alteration frequency was 7.56% in invasive breast carcinoma and 7.26% in HCC; the alteration frequency of other cancer types was less than 5% (Figure 2A). Moreover, we further explored the relationship between genomic variation and ARPC5 expression in pan-cancer via integrating CNV and gene expression data. Wilcoxon Rank Sum Tests or Kruskal–Wallis Rank Sum Test was used to compare the expression levels of ARPC5 in different variation status of each cancer. The results were shown in Figure 2B, remarkable difference of ARPC5 expression was found among gain variation, loss variation, and no variation groups in 14 cancer types, such as GBM, CESC, BRCA, ESCA, SARC, STAD, PRAD, HNSC, LUSC, LIHC, PAAD, OV, UCS, and BLCA. Taking LIHC as an example, neutral group showed higher ARPC5 expression than gain and loss variation groups. That indicating ARPC5 expression was closely associated with the mutation type in multiple cancer types.




Figure 2 | Genetic alteration of ARPC5 in pan-cancer. (A) Mutation type and mutation frequency of ARPC5 obtained from the cBioPortal website. (B) The expression levels of ARPC5 in various CNV status of pan-cancer, CNV, copy number variations; *p < 0 . 0 5 ; * *p < 0.01; ****p < 0.0001.





The correlation of ARPC5 expression with prognosis and clinicopathology features in pan-cancer

We had clarified that ARPC5 was significantly differentially expressed among 22 cancer types in above analysis. To further investigate the correlation between the expression of ARPC5 and cancer prognosis (including OS, PFI, and DSS), single-variate Cox regression method and Kaplan–Meier analysis were conducted in 22 cancers. For univariate Cox regression analysis (Figures 3A–C), the results demonstrated that the higher ARPC5 expression was associated with worse OS in KICH, KIRC, KIRP, LGG, and LIHC, whereas the opposite results were observed in patients with OV and SKCM. The results of PFI showed higher ARPC5 expression related to shorter PFI in HNSC, KIRC, KIRP, LGG, LIHC, and PRAD. Moreover, the expression level of ARPC5 was negatively linked with DSS in KICH, KIRP, KIRC, LGG, and LIHC, whereas positive association was found in OV and SKCM. Kaplan–Meier analysis and Log-rank test further proved that high ARPC5 expression was correlated to worse OS in ESCA, HNSC, KIRC, KIRP, LGG, and LIHC, whereas the opposite results were observed in OV and SKCM (Figures 4A–H). The PFI results of Log-rank test indicated that expression of ARPC5 was negatively correlated with PFS in patients with BLCA, HNSC, KIRC, KIRP, LGG, LIHC, and PRAD (Supplementary Figure S1). The DSS results of Kaplan–Meier analysis manifested that ARPC5 expression adverse to DSS in patients with BLCA, KIRC, KIRP, LCC, and LIHC, whereas positively correlated to DSS of LUSC, OV, SKCM, and STAD (Supplementary Figure S2). In brief, these results suggested the ARPC5 can serve as an effective prognosis predictor in multiple cancers.




Figure 3 | Prognosis analyses of ARPC5 in pan-cancer based on univariate Cox regression method. (A) The correlation between ARPC5 expression and OS. (B) The correlation between ARPC5 expression and PFI. (C) The correlation between ARPC5 expression and DSS. OS: overall survival; PFI: progression-free interval; DSS: disease-specific survival.






Figure 4 | ARPC5 expression significantly correlated with OS based on Kaplan–Meier analysis. (A) The correlation in ESCA. (B) The correlation in HNSC. (C) The correlation in KIRC. (D) The correlation in KIRP. (E) The correlation in LIHC. (F) The correlation in LGG. (G) The correlation in OV. (H) The correlation in SKCM. The optimal cutoff of ARPC5 expression were used to divide patients into high- and low-expression groups.



We further explored the relationship between expression of ARPC5 and clinicopathology features in pan-cancer, including the clinical stage, histologic grade, and tumor molecular subtype. The results with significant association were selected for display and analysis (Figure 5). The results indicated the increased expression of ARPC5 was positively correlated to tumor stage of KIRC (ρ = 0.311, p = 2.46e-13) and KIRP (ρ = 0.206, p = 8.51e-04) (Figures 5A–C). Similarly, there was a positive correlation between ARPC5 expression and histologic grade of KIRC (ρ = 0.268, p = 4.58e-10), LGG (ρ = 0.251, p = 7.79e-09), LIHC (ρ = 0.123, p = 0.0186), and UCEC (ρ = 0.185, p = 1,77e-05) (Figures 5D–H). It, therefore, can be concluded that ARPC5 may associate with tumorigenesis and cancer progression. As for tumor molecular subtype, we found that the expression level of ARPC5 varied among different molecular subtypes of ACC (p = 1.47e-03), BRCA (p = 1.13e-41), LGG (p = 4.81e-20), HNSC (p = 3.71e-03), KIRP (p = 5.18e-04), OV (p = 2.16e-03), LUSC (p = 2.88e-02), PCPG (p = 2.86e-03), STAD (p = 2.51e-05), and UCEC (p = 2.36e-03) (Figures 5I–R).




Figure 5 | The correlation between ARPC5 expression and clinical stage, histologic grade, and tumor molecular subtypes in various cancers based on Spearman’s correlation analysis (the correlation with p < 0.05 were displayed). (A) The correlation between ARPC5 expression and clinical stage in pan-cancer. (B–C) The expression levels of ARPC5 in different clinical stages of KIRC (B) and KIRP (C). (D) The correlation between ARPC2 expression and histologic grade in pan-cancer. (E–H) The expression levels of ARPC5 in different histologic grades of KIRC (E), LGG (F), LIHC (G), and UCEC (H). (I–R) The correlation between ARPC5 expression and molecular subtypes in ACC (I), BRCA (J), LGG (K), HNSC (L), KIRP (M), OV (N), LUSC (O), PCPG (P), STAD (Q), UCEC (R). rho; rank coefficient of Spearman. Pv; p-value. NS, no significance.





APRC5 expression is correlated with TME scores and immune infiltration levels in multiple cancers

In above analyses, we discovered the mRNA expression level of ARPC5 were relatively higher in immune cells. Thus, to further elucidate the potential impact of ARPC5 on the tumor immunity, we first applied the ESTIMATE algorithm to assess Immune and Stromal scores for 33 cancer types and analyzed the association between ARPC5 expression and Immune/Stromal scores using Spearman’s correlation method. As shown in Table 2, the expression of ARPC5 was evidently positively related to Immune scores in 22 cancer types, including BLCA, BRCA, COAD, GBM, HNSC, KICH, KIRC, KIRP, LAML, LGG, LUAD, LUSC, OV, PCPG, PRAD, SARC, SKCM, STAD, TGCT, THCA, THYM, and UCS. No significant differences were detected in other cancer types. The Stomal scores in 15 out of 33 cancers showed significantly positive correlation with ARPC5 expression, including BLCA, GBM, KICH, KIRC, KIRP, LAML, LGG, LUAD, LUSC, OV, PCPG, PRAD, SKCM, TGCT, and THCA. ARPC5 expression was negatively correlated with Stromal scores in THYM.


Table 2 | The correlation between ARPC5 expression and immune scores and stromal scores of tumor microenvironments in pan-cancer.



Moreover, TIMER database was used to explore the correlation of ARPC5 expression with infiltration levels of B cell, CD4+ T cell, CD8+ T cell, neutrophil cell, macrophage cell, and DC cell in pan-cancer. The results of the Spearman’s correlation analysis suggested that ARPC5 were positively associated with immune infiltration cells in most tumors. ARPC5 expression was significantly positively related to B cell in 22 cancer types, and negatively related to B cell in ESCA. The expression of ARPC5 was significantly associated with CD4+ T cell in 20 cancers, CD8+ T cell in 25 cancers, neutrophil cell in 32 cancers, macrophage cell in 27 cancers, and DC cell in 29 cancer types (Figure 6A). Among them, ARPC5 expression in KIRC, LGG, PRAD, THCA, and THYM was most closely related immune cells infiltration, the results were presented in Figure 6B. In KIRC, the expression of ARPC5 positively corresponded with the infiltration levels of B cell (r = 0.55, p = 5.0e-43), CD4+ T cell (r = 0.46, p = 2.9e-29), CD8+ T cell (r = 0.54, p = 1.5e-41), neutrophil cell (r = 0.71, p = 6.3e-81), macrophage cell (r = 0.7, p = 2.3e-78), and DC cell (r = 0.77, p = 8.2e-103). In LGG, ARPC5 expression had a positive correlation with the proportion of B cell (r = 0.54, p = 0.9e-40), CD4+ T cell (r = 0.41, p = 5.8e-22), CD8+ T cell (r = 0.27, p = 1.3e-09), Neutrophil cell (r = 0.64, p = 1.9e-58), macrophage cell (r = 0.59, p = 1.5e-48), and DC cell (r = 0.62, p=7.5e-56). In PRAD, the infiltrating levels of B cell (r = 0.63, p = 1.2e-56), CD4+ T cell (r = 0.38, p = 1.3e-18), CD8+ T cell (r = 0.57, p = 7.5e-45), neutrophil cell (r = 0.69, p = 8.0e-70), macrophage cell (r = 0.64, p = 2.1e-57), and DC cell (r = 0.65, p = 1.4e-61) were positively related to the expression of ARPC5. Similarly, ARPC5 expression had a positive association with the infiltration levels of B cell (r = 0.43, p = 6.4e-24), CD8+ T cell (r = 0.47, p = 5.1e-29), neutrophil cell (r = 0.56, p = 2.2e-43), macrophage cell (r = 0.51, p = 2.3e-34), and DC cell (r = 0.46, p = 2.8e-28) in THCA. In addition, ARPC5 positively related to the content of B cell (r = 0.7, p = 1.8e-18), CD4+ T cell (r = 0.36, p = 6.9e-5), CD8+ T cell (r = 0.48, p = 3.8e-8), neutrophil cell (r = 0.31, p = 5.8e-4), and DC cell (r = 0.64, p = 5.1e-15) in THYM.




Figure 6 | The correlation between ARPC5 and immune infiltration cells in pan-cancer based on TIMER algorithm. (A) Heatmap displayed the correlation between ARPC5 expression and the proportions of B cell, CD4+ T cell, CD8+ T cell, neutrophil, macrophage, and DC cell. (B) The top five cancer types (including KIRC, LGG, PRAD, THCA, and THYM) with most significant correlation between ARPC5 and immune infiltration cells were displayed with scatterplots. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



In addition, we further probed into the relevance of ARPC5 expression with different immune subtypes of pan-cancer. The results revealed that ARPC5 expression was prominently related to immune subtypes in a number of cancers(Figures 7A–T), which included BLCA (p = 3.38e-05), BRCA (p = 3.49e-21), CESC (p = 1.31e-02), KICH (p = 4.49e-02), KIRC (p = 2.79e-09), LGG (p = 2.42e-19), LIHC (p = 2e-02), LUAD (p = 5.6e-07), PAAD (p = 2.19e-03), OV (p = 4.67e-03), PCPG (p = 5.04e-03), PRAD (p = 8.91e-07), READ (p = 1.34e-02), SARC (p = 5.72e-03), SKCM (p = 1.15e-02), STAD (p = 1.08e-08), TGCT (p = 3.52e-02), THCA (p = 1.97e-02), UCS (p = 1.44e-03), and UCEC (p = 7.99e-05). ARPC5 expression was generally low in C3 subtype, except for KICH, PCPG, TGCT, and ARPC5 was widely highly expressed in C2 subtype of 11 cancer types except CESC, KICH, LGG, and READ. Therefore, we speculated that ARPC5 might be more participant in IFN-gamma dominant immune processes but less involved inflammatory processes.




Figure 7 | The correlation between ARPC5 expression and immune subtypes in pan-cancer using TISIDB. The cancers with significant correlation were displayed. (A) In BLCA. (B) In BRCA. (C) In CESC. (D) In KICH. (E) In KIRC. (F) In LGG. (G) In LIHC. (H) In LUAD. (I) In PAAD. (J) In OV. (K) PCPG. (L) PRAD. (M) In READ. (N) In SARC. (O) In SKCM. (P) In STAD. (Q) In TGCT. (R) In THCA. (S) In UCS. (T) In UCEC. Pv; p-value. C1, wound healing; C2, IFN-gamma dominant; C3, inflammatory; C4, lymphocyte depleted; C5, immunologically quiet; C6, TGF-b dominant.





The association between ARPC5 expression and immune-checkmate inhibitors biomarkers

Previous studies have proved that ICIs-related genes, TMB, MSI, and tumor neoantigens can be used as effective predictors of ICIs. Thus, we discussed the correlations of ARPC5 expression with these ICIs biomarkers. First, Gene co-expression and Spearman’s coefficient analyses were conducted to investigate the association between ARPC5 expression and 47 ICIs-related genes in 33 cancer types. We discovered ARPC5 was closely related to the expression of ICIs-related genes in most types of cancer, such as PRAD, TGCT, KIRC, LIHC, KIRC, THCA, LGG, KICH, PCPG, and so on. However, there was less association between ARPC5 and ICIs-related genes in CESC, SARC, MESO, and UCS (Figure 8A). In LIHC, ARPC5 exhibited significant positive correlation with most ICIs-related genes. That indicated that the ARPC5 may act as a new biomarker for ICIs in LIHC or other certain cancers.




Figure 8 | The relationship between ARPC5 and immune-checkmate inhibitors biomarkers in pan-cancer. (A) The heatmap showing the co-expression relationship between ARPC5 and 47 immune checkpoint–related genes. (B) Radar plot showing the relationship between ARPC5 and tumor mutation burden (TMB). (C) Radar plot showing the correlation of ARPC5 with microsatellite instability (MSI). (D) Radar plot showing the correlation of ARPC5 with neoantigens. The number in radar plot represents Spearman’s correlation coefficient. *p < 0.05; **p < 0.01; ***p < 0.001.



Then, we performed an exploration to analyze the relationship of ARPC5 with TMB and MSI by integrating gene expression data and TMB and MSI data. The results of Spearman analysis showed that the expression level of ARPC5 was positively related to TMB in ACC, UCEC, STAD, SKCM, SARC, PAAD, LUAD, LGG, BRCA, and BLCA, whereas reverse correlation was presented in THYM, TGCT, and LAML (Figure 8B). We also found that the expression of ARPC5 was significantly related to MSI in 12 types of cancer. Of those, positive correlations were detected in BRCA, UCEC, STAD, READ, and HNSC; negative relations were observed in TGCT, SKCM, SARC, OV, LUSC, LUAD, and LGG (Figure 8C).

In addition, tumor neoantigens are abundantly expressed in tumor cells with strong immunogenicity and tumor heterogeneity (22). Therefore, we further measured the correlation between ARPC5 expression and tumor neoantigens. As shown in Figure 8D, the tumor neoantigens in five of 19 cancers showed significant positive correlation with APRC5 expression, including OV (p = 0.003), BRCA (p = 0.011), STAD (p = 2.2e-05), SKCM (p = 0.025), and PRAD (p = 0.049).



ARPC5 correlated with RNA modification-related genes, DNA methyltransferases, and tumor stemness scores

The RNA modification had been proved to affect mRNA stability, splicing, and translation and has important oncogenic role or tumor suppressor in different cancer types (26). The association between ARPC5 expression with RNA modification-related genes was showed in Figures 9A–C. We found that the expression level of ARPC5 in LGG, LIHC, SKCM, and UVM was significantly related to 10 m1A-related genes, whereas less correlation was observed in ACC, BLCA, CESC, ESCA, KICH, MESO, and SARC; no correlation was detected in DBLC and UCS (Figure 9A). Similarly, we examined the co-expression relations between ARPC5 and 13 m5C-related genes expression using Spearman’s coefficient analysis; the results demonstrated that the expression of ARPC5 was associated with most m5C-related genes in LGG, LICH, SKCM, and UVM, whereas the correlation in CHOL, DLBC, ESCA, MESO, and UCS were relatively small (Figure 9B). In addition, we found that a great majority of m6A genes in COAD, LGG, LIHC, SKCM, and UVM co-expressed with ARPC5. Less significant connection, even no association between ARPC5 expression and m6A-related genes, was found in CESC, DBLC, ESCA, MESO, and UCS (Figure 9C). The above results suggested that ARPC5 may participate in RNA modification and thereby contribute to tumor development in certain cancers.




Figure 9 | Correlation analysis between ARPC5 expression and RNA modification-related genes, DNA methyltransferases, and tumor stemness score in 33 cancer types. (A) Co-expression of ARPC5 with m1A-related genes. (B) Co-expression of ARPC5 with m5C-related genes. (C) Co-expression of ARPC5 with m6A-related genes. (D) Co-expression of ARPC5 with DNA methyltransferases. (E) The correlation between ARPC5 expression and Tumor Stemness score (DNAss). (F) The correlation between ARPC5 expression and Tumor Stemness score (RNAss). *p < 0.05; **p < 0.01; ***p < 0.001.



DNA methylation plays an important regulatory role in the growth, development, gene expression pattern, and genome stability, which is dynamically regulated by DNA methyltransferase and DNA demethylase activities. In our analyses, we discovered that ARPC5 expression was correlated with the expression of four methyltransferases (DNMT1, TRDMT1, DNMT3A, and DNMT3B) in multiple tumors, such as BRCA, LGG, KICH, LIHC, SKCM, THYM, and UVM (Figure 9D), whereas DNMT3L was evidently correlated with ARPC5 expression only in five cancer types: BRCA, LGG, LIHC, TGCT, and THCA.

We also analyzed the association of ARPC5 expression with tumor stemness scores (DNAss and RNAss) in 33 cancer types. The results indicated that the ARPC5 was significantly positively correlated with DNAss in PRAD and LGG (p < 0.05). In contrast, the expression of ARPC5 in THYM, TGCT, SARS, and LUSC was negatively associated with DNAss (p < 0.05) (Figure 9E). As for the stem cell score (RNAss), we found the expression level of ARPC5 was prominently positively related to the STAD and BRCA stem cell scores (RNAss) whereas negatively correlated with RNAss in multiple cancer types (p < 0.05), such as TGCT, KICH, LGG, THCA, COAD, KIRP, GBM, LAML, LIHC, OV, PRAD, CESC, and KIRC (Figure 9F).



ARPC5 is highly expressed in HCC cells and tissues

In the above expression analysis of bioinformatics method, we found that ARPC5 was significantly upregulated in multiple types of cancer, including LIHC. To further identify the results of bioinformatics analysis, the expression of ARPC5 in HCC cell lines (including MHCC97-H, Huh-7, HCC-LM3, and HepG2) and 40 paired HCC tissues was detected via qPCR. The results indicated that the mRNA expression level of ARPC5 was significant higher in three HCC cell lines (MHCC97-H, Huh-7, and HCC-LM3) (Figure 10A) and HCC tissues (Figure 10D) compared with that in normal liver cell line L-02 and paired adjacent liver tissues, respectively. The results of our experiments were consistent with the results of bioinformatics analysis.




Figure 10 | ARPC5 is upregulated in HCC cells and primary HCC tissues. (A) qPCR analysis of ARPC5 mRNA expression in four HCC cell lines (MHCC97-H, Huh7, HCC-LM3, and HepG2) and normal liver cell line (LO2). GAPDH was used as an internal control error bars represent M ± SEM (triplicate experiments). (B, C) The protein expression of ARPC5 was detected in four HCC cell lines and normal liver cell line with Western blot analysis. Error bars represent M ± SD of triplicate measurements. (D) The mRNA expression of ARPC5 in 40 pairs HCC tissues and adjacent para-carcinoma tissues was evaluated using qPCR. (E) Western blot analysis of ARPC5 protein expression in 10 paired HCC tissues and adjacent normal tissues. The number presented the relative protein expression levels of ARPC5. (F) Representative images of ARPC5 immunohistochemical staining analysis in the HCC tissue and adjacent normal liver tissue, original magnifications: ×40 and ×200. Scale bars, 50 μm. (G) Quantitative analysis of ARPC5 expression in HCC tissues based on mean optical density of immunohistochemical staining. Error bars represent the M ± SD of multiple tissues. (H) Kaplan–Meier curves showed that higher expression of ARPC5 was associated with poor DFS in HCC patients. *p < 0.05; **p < 0.01; ***p < 0.001. ns, no significance.



Next, the protein expression level of ARPC5 in HCC cells and HCC tissues were analyzed with Western blot and immunohistochemical staining. We found that the protein expression of ARPC5 in MHCC97-H, Huh-7, HCC-LM3, and HepG2 was significantly higher than in normal live cell line (Figures 10B, C). Moreover, ARPC5 was relatively higher in HCC-LM3 and MHCC97-H, which were selected for subsequent functional experiments. Then, 10 of 40 paired HCC tissues were randomly selected for Western blot analysis; the results showed that the ARPC5 expression in most HCC tissues was upregulated compared with the adjacent normal tissues (Figure 10E). Furthermore, immunohistochemistry for ARPC5 was conducted in 40 paired HCC samples to verify the results; we found that immunohistochemical staining of ARPC5 was obviously observed in the cytoplasm of HCC cancer tissues, whereas no or weak staining was found in adjacent non-cancerous tissues. The average optical density value of ARPC5 immunohistochemical staining in cancer tissues was higher than adjacent normal liver tissues (Figures 10F, G), indicating that the ARPC5 expression was higher in tumor tissues than adjacent normal liver tissues, which cohered with the results of Western blot. Then, the patients were divided into high- and low-expression groups based on the median mRNA expression level of ARPC5, and we further conducted Kaplan–Meier survival analysis to explore the correlation between ARPC5 expression and DFS of HCC patients. The result was showed in Figure 10H; we found that high ARPC5 expression was significantly related to a poor DFS in HCC patients (HR = 2.22; 95% CI: 0.97, 5.09; p = 0.023). The median DFS of low ARPC5 expression was 47.2 months, and that of high ARPC5 expression group was 34.5 months.



Downregulation ARPC5 significantly inhibits proliferation and promotes apoptosis of HCC cells

In our previous study, we discovered that ARPC5 in HCC mainly participates in MAPK signaling pathway and WNT signaling pathway basing on KEGG enrichment analysis (15). To investigate the potential functions of ARPC5 in HCC cells, we downregulated the expressions of APRC5 and examined the effects of ARPC5 knockdown on cell proliferation and apoptosis. First, qPCR assays and Western blot were performed to verify the transfection efficiency of ARPC5 in both HCC-LM3 and MHCC 97-H cells. The results showed that ARPC5 can be effectively interfered by si-ARPC5#1 and si-ARPC5#3 (Figures 11A, B). We selected si-ARPC5#1 for subsequent function experiments. Then, we discussed the effect of ARPC5 on HCC cells proliferation using CCK8 assays and EdU staining assays. The results of EdU assays demonstrated that the silence of ARPC5 distinctly suppressed the proliferative capacity of HCC cells compared with controls (Figures 11C, D). The growth curves from CCK-8 assays suggested that proliferation of HCC cells transfected with si-ARPC5 were significantly inhibited compared with that transfected with si-NC (Figures 11E, F). Flow cytometry analysis was used to detect the apoptosis of HCC cells transfected with si-ARPC5#1; the results showed the percentage of early and late apoptotic cells significantly increased in HCC-LM3 and MHCC 97-H cells with ARPC5 downregulation (Figures 11G, H).




Figure 11 | Silencing of ARPC5 inhibits cell proliferation and promotes cell apoptosis of HCC. (A) The knockdown efficiency of siRNA–ARPC5 was examined in HCC-LM3 and MHCC97-H cells with qPCR. (B) The knockdown efficiency of siRNA-ARPC5 was examined in HCC-LM3 and MHCC97-H cells with Western blot. The number presented as relative protein expression levels of ARPC5. (C–D) EdU assays for HCC-LM3 and MHCC 97-H were performed to evaluate cell proliferation ability after transfecting siRNA-ARPC5#1. Representative images (C) and the number of proliferative cells were calculated (D); original magnification, ×200. (E–F) Cellular growth curves were evaluated by CCK-8 assays in HCC-LM3 and MHCC97-H cells. (G–H) Flow cytometry was applied to test the apoptosis of HCC cells transfected with si-ARPC5 #1 in HCC-LM3 and MHCC 97-H cells. All data are presented as the M ± SD of three independent experiments. *p < 0.05; **p < 0.01; ***p < 0.001. ns, no significance.





Knockdown of ARPC5 suppresses the invasion, migration, and epithelial-mesenchymal transition of HCC cells

The potential role of APRC5 in the cell migration and invasion was estimated by a scratch wound healing assay and transwell assays. The migration rates of HCC-LM3 and MHCC97-H cells transfected with si-ARPC5 were evidently induced compared with those transfected with si-NC after the scratches were performed for 24 and 48 h (Figures 12A–D). Moreover, the number of invasion cells was significantly decreased following ARPC5 knockdown in HCC cells (Figures 12E, F). Epithelial-mesenchymal transition (EMT) had been reported as a critical process for tumor invasion and metastasis. We thus further examined the EMT markers (E-cadherin, N-cadherin, vimentin, and snail) by Western blot to investigate whether ARPC5 could affect EMT in HCC cells, the results showed that knockdown of ARPC5 reduced the expression of N-cadherin, Vimentin, and Snail whereas increased E-cadherin expression in HCC-LM3 and MHCC 97-H cells (Figure 12G). These results suggested that silencing ARPC5 inhibited HCC cell migration and invasion by suppressing the EMT.




Figure 12 | Role of ARPC5 inhibition on migration, invasion, and epithelial–mesenchymal transition (EMT) of HCC cells. (A–D) Migration ability was assessed by scratch wound healing assay, representative images (A, B) were shown (original magnification, ×200; scale bars, 50 µm), and wound healing areas were calculated (C, D). (E, F) Transwell assay was applied to examine the invasion ability, representative images (F) were shown (original magnification, ×200; scale bars, 50 µm), and the histogram showed the number of invasion cells (E). (G) Western blot showed the changes of EMT proteins in HCC-LM3 and MHCC97-H cells transfected with si-ARPC5#1. *p < 0.05; **p < 0.01; ***p < 0.001.






Discussion

Transcriptomic gene expression analysis offers an optimal opportunity to explore the heterogeneity and complexity of different cancers and to seek new prognostic and therapeutic biomarkers. Several evidence reveals that ARPC5 is associated with tumor progression, metastasis, and prognosis, indicating that ARPC5 may represent a promising biomarker and therapeutic target. Therefore, it is critical to systematically investigate the role of ARPC5 in different types of cancer. In this study, we comprehensively analyzed the expression level of ARPC5 in multiple cancers basing on several different databases. We found that ARPC5 was significantly expressed in 22 tumor tissues compared with corresponding normal tissues and the expression levels was associated with tumor prognosis in multiple cancers. Meanwhile, we also explored the relationship of ARPC5 expression with gene mutation, gene modification, TME, tumor immune infiltration cells, ICIs response, and tumor stemness scores. Notably, we perform a series of experiments to identify the differential expression of ARPC5 in HCC tissues and HCC cells and further revealed that ARPC5 had a cancer-promoting effect in HCC cells and enhanced HCC progression for the first time.

In the present study, we found that ARPC5 expression was significantly upregulated in most cancer types basing on the TCGA datasets integrating with GTEx datasets, including GBM, LGG, BRCA, CESC, ESCA, KIRP, COAD, PRAD, STAD, HNSC, KIRC, LUSC, LIHC, SKCM, BLCA, THCA, OV, PAAD, TGCT, and CHOL. While ARPC5 in UCS and KICH showed lower expression when compared with normal samples. It was reported that the expression of ARPC5 was significantly higher in HNSCC tissues than in non-cancer tissues, and ARPC5 was also significantly increased in invasive cancer cells (13). ARPC5 expression was significantly elevated in tumor tissues of lung squamous cell carcinoma (10). These findings were consistent with our results. To validate the results of bioinformatic analyses, we examined the expression levels of ARPC5 in 40 paired HCC tissues and HCC cell lines. The results manifested the expression of ARPC5 was higher in HCC tissues and HCC cells when compared with correspond adjacent normal liver tissues or normal liver cell both in mRNA and protein levels. The bioinformatic analyses were corroborated by experimental findings.

The prognosis value of ARPC5 was analyzed in 22 cancers in which ARPC5 expression varied significantly between cancer and normal tissues. The survival analysis revealed that ARPC5 was closely associated with survival indicators such as OS, PFS, and DSS. We found that the high expression of ARPC5 was closely linked with poor OS in ESCA, HNSC, KIRC, KIRP, LGG, LIHC, and THCA, with exception for OV and SKCM. Moreover, there were significant negative correlations between ARPC5 expression and PFS in BLCA, HNSC, KIRC, KIRP, LGG, LIHC, and PRAD, whereas positive correlation was observed in LUSC and SKCM. The association of ARPC5 with DSS presented similar results. We found a higher level of ARPC5 expression in KIRC, KIRP, LGG, and LIHC lead to unfavorable prognosis, including OS, PFS, and DSS, whereas ARPC5 in SKCM displayed the opposite results. In addition, we also proved that high expression of ARPC5 was unfavorable for DFS of patients with HCC following curative resection. Previous studies in MM and HCC reported that the high expression of ARPC5 was associated with poor OS and acted as an independent prognostic factor for MM and HCC patients (29, 30). Our current results are in harmony with these previous observations. These results indicating that ARPC5 may functions as an oncogene and represent a new prognostic biomarker for some cancer types. In this study, we found ARPC5 expression was closely correlated with tumor stage, histologic grade, and tumor molecular subtype in pan-cancer analyses. The higher the expression of ARPC5, the more advanced tumor stage for the patients with KIRC and KIRP. The similar results were presented in the correlation between ARPC5 expression and histologic grades in KIRC, LGG, LIHC, and USEC, indicating that ARPC5 can promote tumor progression and facilitate tumor malignancy. Silencing of ARPC5 inhibited cancer cell proliferation in lung squamous cell carcinoma, suggesting that ARPC5 might contribute to lung squamous cell carcinoma development (10). ARPC5 acted as a candidate target of miR-133a in HNSCC, knockdown ARPC5 significant reduced cell migration and invasion of HNSCC cell lines (13). In melanoma, YAP drives ARPC5 expression to enhance cell migration, invasion, and focal adhesions (14). In our study, we conducted a series of functional experiment in HCC cells and discovered downregulation ARPC5 significantly inhibits cell proliferation, migration, invasion, and EMT and promotes cell apoptosis in HCC. To our knowledge, this is the first study focus on the biological functions of ARPC5 in HCC. Nevertheless, the associated mechanisms require further elucidation.

Genetic alternation occurred in the coding region of genes leading to various disease, including tumors. Tumor heterogeneity caused by somatic mutations plays a crucial role in tumor growth and metastasis (31). The frequency of different mutational processes varies among different cancer types. In our analyses, we found that the most frequent mutation type of ARPC5 was “Amplification” mutation and the frequency of “Amplification” was varied among different cancer types, which was most commonly observed in cholangiocarcinoma, invasive breast carcinoma, and HCC. Cancer genomes mutations may be affected by intrinsic DNA replication machinery, mutation exposures, defective DNA repair, and enzymatic modifications of DNA (32). It is widely known that the epigenetic alternation caused by DNA methylation promotes the cancer susceptibility and progression. DNA hypomethylation leads to carcinogenesis and development mainly through transcriptional activation, MSI, and overexpression of oncogenes and loss of imprinting (33, 34). Thus, we further conducted co-expression analysis to explore the correlation between ARPC5 and five DNA methyltransferases (including DNMT1, TRDMT1, DNMT3A, DNMT3B, and DNMT3L). We found that ARPC5 expression was closely correlated with the expression of methyltransferases in most cancer types, especially in KICH and UVM. We speculated that ARPC5 might contribute to cancer progression through influencing the genes stability.

The bidirectional interaction between cancer cells and TME is responsible for tumor development, progression, and drug resistance (35). The TME primarily consists of tumor-infiltrating cells, vasculature, extracellular matrix (ECM), as well as other matrix-associated molecules and have proved to play a significant role in clinical outcomes and response to therapy (36, 37). Immune cells in TME are especially dependent on the proper functioning of the cytoskeletal proteins, for example, Arp2/3 complex (38). Arp2/3 complex plays an essential role in cell migration of T cells, neutrophils and platelets, as well as for CTL assembly (38). The patients with ARPC1B-deficient exhibited a decrease in the number of CD8+ T cell and characterized by dysfunctional T cells (39). However, the role of ARPC5 expression in TME, immune cells, and different immune subtypes still remains to be elucidated. Thus, we first explored the correlation of ARPC5 with TME with immune scores and stromal scores calculated by the ESTIMATE algorithms, which can facilitate the quantification of the immune and stromal components in each tumor sample. We found that ARPC5 was evidently positively associated with Immune scores in 22 cancers, and related to Stromal scores in 15 cancer types, suggesting ARPC5 might be a critical driver of immune cells and stromal cells. Then, we performed a more in-depth study to explore which classes of immune cells were associated with ARPC5 expression with TIMER algorithms. The results suggested that the expression of ARPC5 was positively associated with the infiltration level of B cell, CD4+ T cell, CD8+ T cell, neutrophil cell, macrophage cell, and DC cell in most cancer types, especially for KIRC, LGG, PRAD, THCA, and THYM. In addition, we discovered that ARPC5 was expressed inconsistently in different immune subtypes; ARPC5 was widely highly expressed in C2 subtype and lowly expressed in C3 subtype. These results prompted that ARPC5 have stronger association with certain immune cells involving in IFN-gamma dominant but less relating to inflammatory processes.

In recent years, immune checkpoint inhibitors (ICIs) have revolutionized treatment paradigms and improved survival outcomes of many solid tumors (40). Nevertheless, only a minority of patients can benefit from ICIs with the overall response rates (RRs) no more than 20% (41). In addition, ICIs also come with a unique and sometimes devastating immune-related toxicities. Thus, there is an urgent need to explore biomarkers to accurately predict response and improve treatment selection of ICIs. The PD-L1 expression profiles in cancers have been extensively studied in the past decade. The role of PD-L1 as an effectively predictive biomarker largely based on the results of the KEYNOTE 024 trial study in non-small cell lung cancer, which showed superior outcomes in patients with PD-L1 expression greater than 50% treated with pembrolizumab as the first-line method (42). However, PD-L1 expression was discorded between resected tissues and biopsy specimens, and the expression level varied significantly among different tumor types (43). Currently, effectiveness of PD-L1 detection as an anti-tumor immune response index is still controversial. Recently numerous studies have established the major role of neo-epitopes antigens, resulting from genomic instability status on tumor cells, on cancer immune recognition and specific T-cell activation (44). Tumor with higher TMB, MSI, and neoantigens closely correlates with more T-cell recognition and better clinical outcomes (45, 46). Nevertheless, TMB is independent of PD-L1 status in most cancer types; the combination of TMB, PD-L1, and MSI-H has the better predictive performance of ICIs responsiveness than each alone (41). The present study performed a comprehensive analysis of ARPC5 with existing biomarkers of ICIs including TMB, MSI, neoantigens, and immune checkpoint–related genes in various cancer types. We detected that APRC5 expression was significantly correlated with most of the 47 immune checkpoint–related genes in most cancers, such PRAD, TGCT, KIRC, LIHC, KIRC, THCA, LGG, KICH, and PCPG. In LIHC, ARPC5 was positively related to 39 ICIs-related genes, including PD-1(PDCD1), PD-L1(CD274), PD-L2(PDCD1LG2), and CTLA4. Moreover, ARPC5 had a correlation with TMB in 12 cancers, MSI in 12 cancers, and neoantigens in five cancers. Interestingly, ARPC5 expression in STAD and BRCA was positively associated with TMB, MSI, and neoantigens. These findings suggested that the ARPC5 can be used as a new biomarker to predict ICIs response for certain cancers.

In summary, comprehensive analyses were conducted in our study to explore the expression patterns and prognostic values of ARPC5 in pan-cancer using multiple databases. We discovered that the expression of ARPC5 was upregulated in most cancer types and high-expressed ARPC5 was associated with poor survival outcomes and tumor progression in some cancers. In addition, we found that ARPC5 was closely related to TME, tumor infiltration immune cells, immune subtypes, and biomarkers of ICIs, which might provide a new insight of ARPC5 with tumor immunity and would be favorable for mining novel therapeutic target and predictive biomarker for immunotherapy. Moreover, this study was the first to validate the differential expression of ARPC5 in HCC tissues and explore the role of ARPC5 in the proliferation, apoptosis, and invasion of HCC cells, which provided a preliminary foundation for the development of biomarker-targeting therapies in HCC.
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Cancer type ICI therapy Number Assessment Outcome  PD-L1 positive PD-L1 Reference
assay negative
GC, AEG anti-PD-1 (Pembrolizumab) 259 CPS ORR 15.5% 6.4% Fuchs 2018
CRR 2.0% 2.8% (36)
EAC, ESCC anti-PD-1 (Pembrolizumab) 123 CPS 0s 12 months 6.4 months Chen 2019
©87)
Advanced GC anti-PD-1 (Pembrolizumab) 763 CPS oS 17.4 months 10.6 Shitara 2020
months  (38)
Chemotherapy refractory GC anti-PD-1 (Toripalimab) 55 TPS ORR 37.5% 8.5% Wang 2019
PFS 5.5 months 1.9 months  (5)
os 12.1 months 5.3 months
MSI-H mCRC anti-PD-1 (Nivolumalb) 68 TPS ORR 28.6% 27.7% Overman
DCR for 212 52.4% 74.5% 2017 (10)
weeks
MSI-H mCRC Dual immunotherapy (Nivolumab 119 TPS ORR 54% 52% Overman
plus Ipilimumab) DCR 77% 78% 2018 (11)
Advanced HCC previously treated with  anti-PD-1 (Pembrolizumab) 104 CPS ORR 32% 20% Zhu 2018 (39)
Sorafenib TPS 43% 22%
Advanced HCC anti-PD-1 (Pembrolizumab) 174 TPS ORR 26% 19% El-Khoueiry
2017 (40)
Pretreated advanced, metastatic anti-PD-1 (Pembrolizumab) 121 CPS ORR 13.8% 6.3% Shah 2018
adenocarcinoma or ESCC 41)
PD-L1 PD-L1
mRNAHigh mMRNA Lew
MSS CRC anti-PD-1 210 PD-L1 mRNA mOS Not reached 60 months  Liu 2021 (42)
expression
Combined predictor
PD-L1 PD-L1
positive negative
+TMB-H  +TMB-L
Chemotherapy refractory GC anti-PD-1 (Toripalimab) 55 TPS/TMB ORR  33.3% 3.0% Wang 2019
PFS o 1.9 months  (5)
months
os 121 4 months
months

GC, gastric cancer; CPS, combined positive score; TPS, tumor proportion score; AGC, advanced gastric cancer; MSI, microsatellite instability; mCRC, metastatic colorectal cancer; ORR,
objective response rate; CRR, complete response rate; DCR, disease control rate; PFS, progression-free survival; OS, overall survival; PFS, progression-free survival; HCC, hepatocellular

carcinoma; TMB, tumor mutation burden.
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ALC
NLR
NLR

AFP

CtDNA

cfDNA

CTCs

Cancer type

Advanced GC

Advanced GC

Advanced
HCC
Metastatic GC

Hepatobiliary
cancers
Advanced
solid tumor

ICI therapy

anti-PD-1
(Nivolumab)
anti-PD-1
(Nivolumab)

anti-PD-1/PD-L/
CTLA-4
anti-PD-1
(Pembrolizumab)

anti-PD-1

anti-PD-1
(Sintilimab)

Number Outcome

15 6-month
OS rate

26 mPFS
mOS

60 OS
PFS

61 ORR
mPFS
DCR

108 mOS
mPFS

34 mPFS

Beneficial outcome

ALC>1,600/mL: 100%

NLR<4: 63%

Low NLRge (=5): 87 days

Low NLRgogt (25): 94 days

high NLRpre (>5): 290 days

high NLRyoet (25): 290 days

Early AFP response: 28

Early AFP response: 15.2

the upper tertile of ctDNA mutational
load: 83%

decreasing ctDNA: 58%

the lower two tertiles of ctDNA
mutational load: not reached
decreasing ctDNA: 123 days
decreasing ctDNA: 92%

lower CNV risk scores: not reached
lower CNV risk scores: 6.17 months
High levels of PD-L1""CTCs before
therapy: 4.27 months
PD-L1"9"CTCs post therapy<2: 3.4
months

Adverse outcome

ALC<1600 mL: 35%

NLR>4: 33%

High NLRre (<5): 45 days

High NLRpogt (<5): 28 days

low NLRpyre (<5): 175 days

low NLRoct (<5): 69 days

early AFP nonresponders: 11.2
early AFP nonresponders: 2.7

the lower two tertiles of GtDNA
mutational load: 7.7%

increasing ctDNA: 0%

the upper tertile of ctDNA mutational
load: 87 days

increasing ctDNA: 66 days
increasing ctDNA: 25%

Higher CNV risk scores:6.5 months
Higher CNV risk scores:2.6months
Low levels of PD-L1"9"CTCs before
therapy: 2.07 months
PD-L1""CTCs post therapy=2: 2.1
months

Reference

Ohta 2020
(67)

Ogata T
2018 (56)

Shao 2019
(58)

Kim 2018
(59)

Yang 2021
(60)
Yue 2018
61)

ALC, absolute lymphocyte count; NLR, neutrophil-to-lymphocyte ratio; AFP, alpha-foetoprotein; ctDNA, circulating tumor DNA; CTCs, circulating tumor cells; cfDNA, cell free DNA; GC,
gastric cancer; HCC, hepatocellular carcinoma; PFS, progression-free survival; mOS, median overall survival; OS, overall survival; mPFS, median progression-free survival; DCR, disease

control rate.





OPS/images/fimmu.2022.810539/table4.jpg
Type of predictors Cancer type

EBV Metastatic GC

TME TMIT Small intestinal
adenocarcinoma

Immunoscore  CRC

BMI Advanced multiple
cancers
BLN Refractory AGC

ICI therapy Number

anti-PD-1 6
(Pembrolizumab)
anti-PD-1/PD-L1 195

anti-PD-1/PD-L1/ 2,681

CTLA-4
anti-PD-1/PD-L1 976
anti-PD-1 58

Outcome

PR
mDOR
mOS

Risk of recurrence at
5years

0s
PFS
TIF

mPFS
mOS
ORR
DCR

Beneficial outcome Adverse outcome

EBV positive: 100% -
EBV positive: 8.5 -
TMIT Type I: 146.6  TMIT Type lIl: 12.1

months months

High immunoscore:  Low

8% immunoscore:32%
BMI>25 BMI<25

26.6 months 6.6 months
11.7 months 3.7 months

9.8 months 3.6 months
BLN"" TMB-H BLN"9" TMB-L
Not reached 1.7 months

Not reached 2.7 months
37.5% 0%

62.5% 13.3%

Reference
Kim 2018 (62)

NOH 2018
(69)

Pages 2018
(74)

Cortellini 2019
(93)

Wei 2021 (99)

EBV, Epstein-barr virus; GC, gastric cancer; PR, partial response; PFS, progression-free survival; mOS, median overall survival; OS, overall survival; mPFS, median progression-free
survival; TME, tumor micro-environment; TMIT, tumor microenvironment immunetypes; ICl, immune checkpoint inhibitors; CRC, colorectal cancer; BMI, body mass index; TTF, time to
progression; ORR, objective response rate; DCR, disease control rate; TMB, tumor mutation burden; BLN, baseline lesion number; AGC, advanced gastric cancer; mDOR, median

duration of response.
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Cancer type

ICI therapy

Number Outcome irAES None-irAES Reference

Gl cancer anti-PD-1 76 mPFS Not reached 3.9 months Das 2020 (77)
mOS Not reached 7.4 months

Advanced GC anti-PD-1 (Nivolumab) 65 mPFS 7.5 months 1.4 months Masuda 2019 (78)
mOS 16.8 months 3.2 months

Advanced GC anti-PD-1 (Nivolumab) 29 mOS 5.8 months 1.2 months Namikawa 2020 (55)

HCC anti-PD-1 (Camrelizumab) 217 mPFS 3.2 months 1.9 months Wang 2020 (79)
mOsS 17.0 months 5.8 months

ESCC anti-PD-1 (Camrelizumab) 228 mOS 10.1 months 2.5 months Huang 2020 (80)

Gl, gastrointestinal; GC, gastric cancer; HCC, hepatocellular carcinoma; mPFS, median progression-free survival; mOS, median overall survival; ESCC, esophageal squamous cell
carcinoma;: irAES, immune-related adverse events.
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Cancer type Expression Clinical features Target gene Function Refs.
Acute myeloid leukaemia  downregulated MMP-15 cell growth] and epithelial to mesenchymal (14)
transition (EMT)|
Acute myeloid leukaemia downregulated DDA1 proliferationt, cell cycle progressiont (15)
Bladder cancer downregulated FLOT1 proliferationt (11)
Bladder cancer upregulated proliferation|, invasion|, apoptosis (54)
Chordoma downregulated EGFR, Bel-xL proliferationt, migrationt, apoptosis| (17)
Clear cell renal cell downregulated high TNM stage and histological TFE3 proliferationt (18)
carcinoma grade and poor prognosis
Colon cancer NAA10 proliferation|, migration|, and cell cycle (93)
progression|, apoptosist
Colorectal cancer MRPL43 apoptosis|, proliferationt, invasiont, migrationt, cell  (65)
cycle progressiont
Colorectal cancer metastasis| (66)
Colorectal cancer (61)
Colorectal cancer (58)
Colorectal cancer (59)
Colorectal cancer 62)
Colorectal cancer (63)
Colorectal cancer recurrence-free survival (64)
Colorectal cancer (60)
Metastatic colorectal tumor recurrence (94)
cancer
Esophageal squamous cell 91)
carcinoma
Esophageal squamous cell TUSC2 proliferation|, invasion|, apoptosis1 (36)
carcinoma
Gastric cancer downregulated poor prognosis FOX06 cell growtht (19)
Gastric cancer (95)
Glioblastoma downregulated poor prognosis PRPS1 migrationt, invasiont (20)
Glioma Notch1 (Notch2) apoptosist 41)
Glioma stem cells downregulated MIF proliferationt, migrationt, invasiont, apoptosis| (21)
Head and neck squamous — downregulated EGFR progressiont (23)
cell carcinoma
Head and neck squamous tumor growth| (96)
cell carcinoma
Hepatocellular carcinoma good prognosis, long OS (70)
Hepatocellular carcinoma (71)
Hepatocellular carcinoma  downregulated BRD4 proliferationt (24)
Hepatocellular carcinoma  downregulated tumor size, differentiation, clinical MIF proliferationt (25)
stage, overall survival, disease-free
survival
Rectal cancer better prognosis (12)
Kaposi's sarcoma VIL-6, hIL-6 cell proliferationt, tumorigenesist (39)
associated with
herpesvirus (KSHV)
Kaposi's sarcoma VIL-6, hiL-6 (40)
associated with
herpesvirus (KSHV)
Lung adenocarcinoma/ AKT2 apoptosist 87)
non-small-cell lung cancer
Lung adenocarcinoma progression-free survival anti-proliferation effect of gefitinibt (79)
Lung adenocarcinoma cell deatht 37)
Lung cancer downregulated BRD4 proliferationt, migrationt, invasiont (26)
Lung cancer downregulated lung cancer riskt, susceptibility to lung cancert (27)
Non-small-cell lung cancer  downregulated does not influence the incidence of TFAP4 apoptosis|, migrationt (76)
NSCLC patients
Non-small-cell lung cancer  downregulated TEAD2 cisplatin sensitivity. (77)
Non-small-cell lung cancer  downregulated TFAP4 apoptosis| (28)
Small-cell lung cancer (78)
Melanoma downregulated poor prognosis NACC1 proliferationt, migrationt, invasiont (22)
Melanoma downregulated proliferationt, migrationt, invasiont (45)
Nasopharyngeal carcinoma 97)
Nasopharyngeal carcinoma (98)
Neuroblastoma CDC42 (38)
Osteosarcoma downregulated SOX12 proliferationt, migrationt, invasiont (29)
Ovarian cancer downregulated poor prognosis FZD4 proliferationt, colony formationt, migrationt, (30)
invasiont
Ovarian cancer downregulated STAT3 cancer growth-inhibiting effects of physcion 8-O-f- 31)
glucopyranosidel, invasion|, migration|, apoptosist
Pancreatic cancer downregulated RRM1 and CDA gemcitabine resistancet (32)
Pancreatic ductal oS BRD4 apoptosist (86)
adenocarcinoma
Prostate cancer downregulated RAC2/BCL2L1 proliferationt, G2/M transitiont, migrationt (33)

1 means promote and | means inhibit.
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Type of predictors Cancer type ICI therapy Number Outcome TMB-H TMB-L Reference

TMB tT™MB Cancer (including CRC, HCC) anti-PD-1/PD-L1 151 RR 58% 20% Goodman
PFS 12.8 months 3.3 months 2017 (4)
os Not reached  16.3 months

Chemo-refractory AGC anti-PD-1 58 0s 14.6 months 4 months Wang

(Toripalimab) 2019 (5)

MSI-H mCRC anti-PD-1/PD-L1 22 mPFS Not reached 2 months Schrock
2019 (6)

Advanced solid tumors (including anal - anti-PD-1 790  ORR 29% 6% Marabelle

and biliary) (Pembrolizumab) 2020 (7)

bTMB Advanced esophageal cancer anti-PD-1 30 RR 61.5% 47.1% Yang 2019

®

MMR/MSI status dMMR pPMMR

mCRC anti-PD-1 41 ORR 40% 0% Le 2015
(Pembrolizumab) 20-week  78% 1% 9
PFS rate
ORR 40% 0%
DCR 90% 1%
mPFS Not reached 2.2 months
mOS Not reached 5.0 months
MSI-H mCRC anti-PD-1 74 ORR 31% - Overman
(Nivolumab) 2017 (10)
MSI-H mCRC Dual immunotherapy 119 ORR 55% - Overman
(Nivolumab plus 2018 (11)
Ipilimumab)
PDAC ICI therapy 7 mPFS 82 = Noor 2021
mDOR Not reached - (12)
12 different cancers (including CRC/  anti-PD-1 86 CR 21% = Le 2017
GEA/pancreas/small intestine/ (Pembrolizumab) 2)
cholangiocarcinoma)
Treatment-refractory, MSI-H/dMMR  anti-PD-1 128 ORR 33% = Le 2019
mCRC (Pembrolizumab) mDOR Not reached - (13)
MSI-H/ dMMR cancers (including anti-PD-1 233 ORR 34.3% = Marabelle
GC, cholangiocarcinoma, and (Pembrolizumab) mPFS 4.1 months - 2019 (14)
pancreatic cancers) mOS 23.5 months  —
category | cancer types (including anti-PD-1/PD-L1/ >10,000 ORR 39.8% 41% McGrail
CRO) CTLA-4 2021 (15)
Gene Gene wild
mutation

Gene WNT/B-catenin HCC anti-PD-1/PD-L1/ 31 DCR 0% 53% Harding

mutation pathway CTLA-4 PFS 2.0months 7.4 months 2019 (16)

predictors 0os 9.1 months  15.2 months

POLE/POLD1 Multiple cancer (including CRC, anti-PD-1/PD-L1/ 47,721  OS 34 months 18 months Wang F
mutations esophagogastric cancer) CTLA-4 2019 (17)
HLA class | genotype Advanced esophageal cancer anti-PD-1 25 RR 85.71% 27.27% Yang 2019
(heterozygote/ mPFS 7.683 1.867 [tS)]
homozygous type) months months

AGC, advanced gastric cancer; CRC, colorectal cancer; HCC, hepatocellular carcinoma; TMB, tumor mutation burden; MMR, mismatch-repair; MSI, microsatellte instability; mCRC,
metastatic colorectal cancer; DCR, disease control rate; PFS, progression-free survival; mOS, median overall survival; OS, overall survival; mPFS, median progression-free survival; mDOR,
median disease control rate; ORR, objective response rate; RR, response rate; PDAC, pancreatic ductal carcinoma; RR, response rate.
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Cancer type Upstream factor Target gene Refs.
Acute myeloid leukaemia LINC00963 MMP-15 (14)
Acute myeloid leukaemia LncRNA HOTTIP DDA1 (15)
Ameloblastoma circ_0089153 EGFR, p53 (42
Cancer TUSC2P and TUSC2 TUSC2 (35)
Cancer CD44 CDC42 (34)
Cancer LncRNA HOXD-AS1 (43)
Cancer LncRNA NORAD (44)
Clear cell renal cell carcinoma LINC02747 TFE3 (18)
Esophageal squamous cell carcinoma TUSC2P TUSC2 (36)
Gastric cancer LncRNA NORAD FOXO6 19
Glioblastoma STAT1/IncHAS2-AS1 PRPS1 (20)
Glioma toosendanin Notch1 (Notch2) 1)
Head and neck squamous cell carcinoma LncRNA TMEM83 EGFR (23)
Kaposi's sarcoma associated with herpesvirus ORF57 VIL-6, hiL-6 (39)
Kaposi's sarcoma associated with herpesvirus ORF57 VIL-6, hiL-6 (40)
Lung adenocarcinoma Bcl-xL Silencing

Melanoma LINC00963 NACC1 (22
Melanoma LncRNA MALAT1/LINC00047 (45)
Neuroblastoma TCDD/ANR CDC42 (38)
Osteosarcoma LncRNA BLACAT1 SOX12 (29)
Ovarian cancer LncRNA HOXD-AS1 FZD4 (30)
Ovarian cancer LncRNA NORAD STAT3 31)
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Author  Year  Study  Study Study  Number of Number of Types of ICI treatment Outcomes Quality

type  period region antibiotic  non- antibiotic (NOS
Score)
Fessas et al. 2021  Retrospective ~ 2017-  Europe, 170 279 Anti-PD(L)-1 and/or Anti- OS, PFS, 8
2019 America, CTLA-4 ORR, DCB
Asia
Spahn et al. 2020  Retrospective 08/ Germany, 21 78 Anti-PD(L)-1 (nivolumab, 0OS, PFS 7
2015-  Austria, pembrolizumab)
12/2019  Switzerland
Cheung 2021  Retrospective 01/ China 109 286 Anti-PD(L)-1 (nivolumab, oS 7
et al. 2014-  (Hong pembrolizumab) and/or CTLA-4
12/2019  Kong) (ipilimumab)
Alshammari 2021  Retrospective - Saudi 20 39 Anti-PD(L)-1 (nivolumab) 0OS, ORR 5
et al. Arabia
Chen_xj 2021  Retrospective 09/ Chian 18 22 Anti-PD(L)-1 (camrelizumab, OS, PES, 7
et al. 2018-  (Nanchang) tislelizumab, sintilimab, ORR, DCB
06/2020 toriplimab, pembrolizumab)
Chen_q 2018  Retrospective 05/ Chian 14 19 Anti-PD(L)-1 (nivolumab, 08, PFS, 6
et al. 2016-  (Fujian) pembrolumab) ORR, DCB
12/2017

ICI, Immune checkpoint inhibitors; PD-1, programmed cell death 1; PDL-1, programmed cell death ligand 1; CTLA4, cytotoxic T-lymphocyte-associated protein 4; O, overall survival;
PFS, progression-free survival; ORR, objective response rate; DCR, disease control rate; NOS, Newcastle-Ottawa Scale.
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Chen_xj et al., 2021 —*—7— 0.41(0.10, 1.67) 15.85
Chen_qetal., 2018 —_— 0.65 (0.05, 8.02) 3.96
Overall (I-squared = 0.0%, p = 0.408) @ 1.06 (0.69, 1.64) 100.00
T T - T T

.005 .05 1 5 50
B
Study %
D OR (95% Cl) Weight

Fessas et al., 2021 T 1.36 (0.92, 2.01) 40.01

I

Chen_xj et al., 2021 0.13(0.03,0.58) 29.69

)

Chen_q etal., 2018 0.29(0.07,1.27) 30.30

Overall (l-squared = 83.2%, p = 0.003) 0.42 (0.09, 2.06) 100.00

Q

NOTE: Weights are from random effects analysis

T
.005 .05 1 5





OPS/images/fimmu.2022.956533/fimmu-13-956533-g004.jpg
A

Study

Fessas et al., 2021
Spahn et al., 2020

Chen_xj et al., 2021
Chen_qg et al,, 2018

Overall, DL (I = 72.7%, p = 0.012)

%
HR (95% Cl)  Weight

0.75(0.60, 0.94) 34.11
1.20 (0.71,2.02) 26.18
2.21(1.06,4.63) 20.43
1.50 (0.68, 3.31) 19.27
1.21 (0.73, 2.00) 100.00

T

A

NOTE: Weights are from random-effects model

Study

Fessas etal., 2021

Spahn et al., 2020

Overall, DL (1 = 61.4%, p = 0.107)

10

%
HR (95% Cl) Weight

0.75(0.60,0.94)  63.30

1.20(0.71,2.02) 36.70

0.89 (0.57,1.39) 100.00

A

NOTE: Weights are from random-effects model

10





OPS/images/fimmu.2022.956533/fimmu-13-956533-g003.jpg
Meta-analysis estimates, given named study is omitted

| Lower CI Limit OEstimate | Upper CI Limit
Fessas et al., 2021 i | |
Spahn et al., 2020 [
Cheung et al., 2021 ‘ o
Chen_xjetal., 2021 | | o
Chen_g et al., 2018 I lo} |
T T T 1
0.83 0.96 1.41 2.08 2.31
B _ ; -
Meta-analysis estimates, given named study is omitted
Lower CI Limit OEstimate | Upper CI Limit
Fessas et al., 2021 | @]
Spahn et al., 2020 o]
Chen_xj et al., 2021 o]
Chen_q et al., 2018 o
T T 1
061073 4. .94 200 263





OPS/images/fimmu.2022.956533/fimmu-13-956533-g002.jpg
A

Study

Fessas et al., 2021 —a—

Spahn et al., 2020 —_—

Cheung et al., 2021 —

Chen_xj et al., 2021 _—

Chen_qg et al.,, 2018
Overall, DL (I = 62.0%, p = 0.032) <>

%
HR (95% Cl)  Weight

0.96 (0.73,1.26) 31.22
1.47 (0.73,2.95) 16.74
1.81(1.28,2.57) 28.41
2.71(1.09,7.72) 10.92
1.15 (0.48,2.76) 12.71
1.41 (0.96, 2.08) 100.00

.1‘25 1 8

NOTE: Weights are from random-effects model

B

Study

Fessas et al., 2021

Spahn et al., 2020

Cheung et al., 2021

Overall, DL (I = 75.4%, p = 0.017)

%
HR (95% Cl)  Weight

0.96 (0.73,1.26) 40.17
147(0.73,2.95) 22.86
1.81(1.28,2.57) 36.97
1.34 (0.84,2.13) 100.00

T
.25

NOTE: Weights are from random-effects model





OPS/images/fimmu.2022.853213/im2.jpg





OPS/images/fimmu.2022.853213/im3.jpg





OPS/images/fimmu.2022.853213/im4.jpg





OPS/images/fimmu.2022.853213/fimmu-13-853213-g003.jpg
Melanoma-scRNA

¥: PSO-SVR fraction

¥: PSO-SVR fraction

- reose, =002

el UMY s - s O

¢ Flow oviomelny insolion:

16 Bincis oall aecueiced





OPS/images/fimmu.2022.853213/fimmu-13-853213-g004.jpg
‘Sample type

8 Nomal

E

- . Tumer
Mk, .
&

&
o 5‘ :ﬁ}
o o PO >
& o < .
Cell type





OPS/images/fimmu.2022.853213/fimmu-13-853213-g005.jpg
=

Sample type Bl Normal B Tumor

Relative Abundance
&

g

[

Crcidags






OPS/images/fimmu.2022.853213/im1.jpg





OPS/images/fimmu.2022.853213/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2022.853213/fimmu-13-853213-g001.jpg
RNA-seq(BAM)

Biobambam

Convert to FASTQ

STAR 2 TwoPass |

Splice Junction
Detection + Aligament

SAMtools

Reads after quality
control

SeqKit

Unmapped reads ~ |+*






OPS/images/fimmu.2022.853213/fimmu-13-853213-g002.jpg
Swarm parameter
&, C. 0) initialization

Train the SVR model

Gene Expression

Calculate fitness

Tteratively update
parameters

Convergent
parameters

Testing SVR model

Output immune
cell ratio






OPS/images/fimmu.2022.801909/table1.jpg
Study

Kim et al. (32)/
NCT02829918

Ueno et al. (39)/
JapicCTI-153098

Lee et al. (42)

Kang et al. (33)/
NCT03695952

KEYNOTE-028/
NCT02054806 (40,
41)

KEYNOTE-158/
NCT02628067 (40)

Sun et al. (43)

Yarchoan et al. (46)/
NCT03201458

loka et al. (48)/
NCT01938612

Yoo et al. (31)/
NCT02699515

Merck et al. (49)/
NCT03833661

Villanueva et al. (51)/
NCT03797326

Lin et al. (35)/
NCT03895970

Arkenau et al. (36)/
NCT02443324

Wang et al. (34)/
NCT04642664

Zong et al. (52)/
ChiCTR1900022003

Zhou et al. (50)/
NCT03996408

Sun et al. (53)/
NCT03825705

Cousin et al. (54)/
NCT03475953

Oh et al. (47)/
NCT03046862

Boileve et al. (60)/
NCT03704480

Floudas et al. (55)/
NCT02821754

Klein et al. (37)/
NCT02923934

Chiang et al. (58)/
NCT04172402

Liu et al. (56)/
NCT03796429

Chen et al. (38)/
NCT03486678

Qin et al. (57)/
NCT0309289

Gou et al. (59)

Region

USA

Japan

Korea

Korea

NR

NR

China

USA

Asia

Japan,
Korea,
Taiwan

NR

NR

NR

5

countries

China

China

China

China

France

Korea

France

USA

Australia

Taiwan

China

China

China

China

Median
follow-up,
months

Study type

Open-label,
multi-
institutional,
single-group,
phase 2
Open-label,
multicenter,
non-
randomized,
phase 1

12.4

5.1

82

Multicenter
retrospective
study

3.8

Single-center, 9.6
prospective

cohort study

Open-label,
multicenter,
non-
randomized,
phase 1b
Open-label,
multicenter,
non-
randomized,
phase 2
Single-center,
retrospective
study

5.7

7.5

NR

NR

Randomized, NR
open-label,
multicenter,
phase 2

Open-label,
multicenter,
phase 1

NR

NR

Open-label, 15.3

phase 1

Open-label, NR
multicenter,
single-group,
phase 2
Open-label,
non-
randomized,
phase 2

Single-arm

NR

9.5

Open-label, 16.7
multicenter,
non-
randomized,
phase 1
Open-label,
single-center,
non-
randomized,
prospective
Phase 2

13.4

8.76

Open-label,
dose-
escalating,
dose-
expansion,
phase 1b
phase 1b

NR

14.9

Open-label,
multicenter,
single-arm,
phase 2
Phase 2

9.8

28.5

Safety run-in NR
results of the
randomized

IMMUNOBIL
PRODIGE 57

phase 2 trial

9.8

Non- NR
randomized,

phase 2

Open-label, NR
multicenter,
non-
randomized,
phase 2
Single arm,
phase 2

6.4

Open-label, 10
phase 2

Open-label,
single-arm,
phase 2

Multicenter,
single-arm,
phase 2
Retrospective
study

NR

NR

Disease
status

Advanced
refractory
BTC

Unresectable
or recurrent
BTC
Unresectable
or recurrent
BTC

PDL1-
positive
GemCis-
refractory
BTC
PDL1-
positive
advanced
refractory
BTC
aBTC

aBTC

aBTC

aBTC

aBTC

aBTC

aBTC

Metastatic or
locally
advanced
BTC

Locally
advanced or
metastatic
BTC

aBTC

aBTC

Previously
treated
advanced or
metastatic
BTC
Previously
treated aBTC

Previously
treated aBTC

Advanced
refractory
BTC

aBTC

Advanced
refractory
BTC

Chemo-naive
aBTC

Chemo-naive
aBTC

Chemo-naive
aBTC
aBTC

aBTC

aBTC

aBTC

aBTC

aBTC

aBTC

aBTC

aBTC

Drug

Nivolumab

1) Nivolumab

2) Nivolumab +
GemCis

Pembrolizumab

Pembrolizumab

Pembrolizumab

Pembrolizumab

1) PD1 inhibitor
monotherapy

2) PD1 inhibitor
¥
chemotherapy
atezolizumab

1) Durvalumab

2) Durvalumab
+
tremelimumab
Bintrafusp alpha

Bintrafusp alpha

Pembrolizumab
+ lenvatinib

Pembrolizumab
+ lenvatinib

Pembrolizumab
+ ramucirumab

Camrelizumab
+ apatinib

Sintilimab +
anlotinib

TQB2450 +
anlotinib

TQB2450 +
anlotinib

Avelumab +
regorafenib

1) Durvalumab
¥
tremelimumab
+ GemCis
(biomarker
cohort)

2) Durvalumab
¥
tremelimumab
+ GemCis

3) Durvalumab
+ GemCis

1) Durvalumab
¥
tremelimumab
2) Durvalumab
3
tremelimumab
+ paclitaxel

Durvalumab +
tremelimumab

Nivolumab +
ipilimumab

Nivolumab +
GS

Toripalimab +
GS

Camrelizumab
+ GEMOX

Camrelizumab
+ FOLFOX4 or
GEMOX

PD1 inhibitors +
nab-paclitaxel +
S-1

Clinical setting

240 mg, i.v., Q2W for
16 weeks, and then
480 mg, i.v., Q4W

240 mg, iv., Q2W

Nivolumab 240 mg, i.v.,
Q2W + cisplatin 25 mg/
m?, i.v. + gemcitabine
1,000 mg/m?, i.v.

200 mg, i.v., Q3W

200 mg, i.v., Q3W

10 mg/kg, Q2W for
<2 years

200 mg, Q3W

NR

NR

840 mg, iv., Q2W

10 mg/kg, Q2W

durvalumab 20 mg/kg +
tremelimumab 1.0 mg/kg,
Qaw

1,200 mg, i.v., Q2W

1,200 mg, i.v., Q2W

Pembrolizumab 200 mg,
Q3W + lenvatinib 20 mg,
q.d.

Pembrolizumab 200 mg,
Q3W (n = 11) or 3 mg/kg,
Q3W (n = 21) + lenvatinib
12 mg (body

weight > 60 kg) or 8 mg
(body weight < 60 kg),
p.o., a.d.

Pembrolizumab 200 mg,
iv.,, d1, Q3W +
ramucirumab 8 mg/kg, i.v.,
di, d8

Camrelizumab 200 mg,
i.v., Q3W + apatinib
250 mg, p.o., g.d.

Sintilimab 200 mg, i.v., d1,
Q3W + anlotinib 12 mg,
p.o., di~d14, Q3W
Anlotinib 10 mg and then
12 mg, p.o., d1~d14,
Q3W + TQB2450

1,200 mg, i.v., d1, Q3W

Anlotinib 10 mg (n = 22) or
12mg (0 = 12), di~d14,
Q3W + TQB2450

1,200 mg, Q3W
Regorafenib 160 mg, q.d.,
d1~d21, Q4W + avelumab
10 mg/kg, Q2W

Gemcitabine 1,000 mg/m?
+ cisplatin 25 mg/m?, d1,
d8, followed by GemCis +
durvalumab 1,120 mg +
tremelimumab 75 mg,
Q3w

NR

NR

Durvalumab 1,500 mg,
i.v., d1 + tremelimumab
75 mg, i.v., d1, Q4W
Durvalumab 1,500 mg,
i.v., d1 + tremelimumab
75 mg, i.v., d1, Q4W +
paclitaxel 80 mg/m?, i.v.,
d1,dg, d15
Tremelimumab 75 mg,
Q4W + durvalumab
1,500 mg for 4 doses,
followed by durvalumab
monotherapy

1,500 mg, Q4W
Nivolumab 3 mg/kg +
ipilimumab 1 mg/kg, Q3W
for 4 doses, followed by
nivolumab monotherapy
3 mg/kg, Q2W
Nivolumab 240 mg +
gemcitabine 800 mg/m?,
d1 + S-1.80/100/120 mg,
q.d., d1~d10, QW
Toripalimab 240 mg, i.v.,
Q3W + gemcitabine
1,000 mg/m?, i.v., d1, d8
+S-1 40-60 mg,

b.id. * 14 days, Q3W
Camrelizumab 3 mg/kg,
total dose <200 mg, i.v.
drip, d1 + gemcitabine
800 mg/m?, i.v. drip, d1 +
oxaliplatin 85 mg/m?, i.v.
drip, d2, Q2W
Camrelizumab 3 mg/kg,
i.v., Q2W + typical
FOLFOX4 or GEMOX

NR

Line of
therapy

2nd line
and
beyond

2nd line
and

beyond
1st-line

2nd line
and
beyond

2nd line
and
beyond

2nd line
and
beyond

2nd line
and
beyond

2nd line
and
beyond
2nd line
and
beyond
2nd line
and
beyond
2nd line
and
beyond
2nd line
and
beyond
2nd line
and
beyond

2nd line

2nd line
and
beyond

2nd line
and
beyond

2nd line
and
beyond

2nd line
and
beyond

2nd line

2nd line
and
beyond

2nd line

2nd line
and
beyond

1st line

1st line

1st line

2nd line

2nd line

NR

2nd line
and
beyond

1st line

1st line

1st line

1st line

1st line

Sample
size

54

30

30

51

40

24

104

20

38

39

42

65

30

159

31

32

26

22

17

25

34

34

30

46

45

12

39

48

39

37

43

32

Median
age
(range),
years

65 (28—
86)

68.0

67.5

66 (43—
83)

61 (41—
76)

64 (43
70)

63 (34~
81)

NR

NR

NR

64

62

67

NR

NR

56.5

63 (36—
78)

60 (39-
72)

59 (43—
69)

NR

57 (37—
72)

63 (36—
80)

NR

NR

NR

67 (60~
75)

70 (61-
75)

NR

65 (37—
81)

66 (30—
80)

64 (41-
74)

NR

NR

Male,
%

50

60

47

56.9

57.5

58.3

49.0

55

63.2

NR

NR

NR

63

NR

NR

56

30.8

52.4

52.9

NR

441

NR

NR

NR

NR

50

70

NR

51

46

48.7

70.3

NR

NR

PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; aBTC, advanced biliary tract cancer; BTC, biliary tract cancer; USA, United States; GemCis, gemcitabine +
cisplatin; S-1, tegafur-gimeracil-oteracil: GS, gemcitabine + tegafur-gimeracil-oteracil; GEMOX, gemcitabine + oxaliplatin; FOLFOX4, fluorouracil + leucovorin + oxaliplatin; i.v.,
intravenously; i.v. drip, intravenous drips; p.o., orally; q.d., once daily; b.i.d., twice daily; Q2W, every 2 weeks; Q3W, every 3 weeks; Q4W, every 4 weeks; d1, day 1; d2, day 2; d8,
day 8; d10, day 10; d14, day 14; d15, day 15; d21, day 21; 1st, first; 2nd, second: NR, not reported.
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Study Sample  mPFS (95% Cl), 6m- 12m- mOS (95% CI), 6m- 12m- ORR, DCR, CR, PR, SD, Any- Grade 3-

size months PFS, PFS, months 0s, O0s, % % % % % grade 4 AEs, %
% % % % AEs, %
Kim et al. (32)/ 54 3.68 (2.3-5.69) NR NR 1424(598-N§ NR NR 11 50 0 11 39 NR 17
NCT02829918
Ueno et al. (39)/ (1)30 4(1.4-1.4) NR NR 52@4587) NR NR 3 23 0 3 20 57 10
JapicCTI-153098 (2) 30 2 (2.8-5.6) NR NR 15 4 (11.8-NE)  NR NR 37 63 o 387 27 100 90
Lee et al. (42) 51 1(1.7-2.4) NR NR .9 (6.4-8.3) NR NR 9.8 35.3 0 98 255 58.8 7.8
Kang et al. (33)/ 40 5(0.0-3.0) 131 NR 3(85-51) 275 NR 10.0 475 0 10.0 375 20.5 0
NCT03695952
KEYNOTE-028/ 24 1.8 (1.4-3.1) 18.0 13.0 5.7 (3.1-9.8) 458 208 130 261 0 130 130 66.7 16.7
NCT02064806 (40,
41)
KEYNOTE-158/ 104 2.0(1.9-2.1) 1.4 5.2 74(65-96) 564 327 5.8 221 0 58 163 54.8 125
NCT02628067 (40)
Sun et al. (43) (1) 20 2.2 (1.10-3.30) NR NR  4.1(279-542) NR NR 0 65 0 0 65 20.0 5.0
(2) 38 5.1(3.59-6.61) NR NR 14.9 (10.73- NR NR 342 895 79 263 553 76.3 34.2
19.07)
Yarchoan et al. (46)/ 39 1.87 NR NR NR NR NR 29 32.4 0 29 294 NR NR
NCT03201458
loka et al. (48)/ (1) 42 NR NR NR 81(6-101) NR NR 48 167 0 48 119 64 NR
NCT01938612 (2) 65 NR NR NR 101 (6.2-11.4)  NR NR 108 322 0 108 215 82 NR
Yoo et al. (31)/ 30 2.5(1.3-5.6) 32 24 127 6.7-15.7) 73 52 20 40 i 13 20 63 37
NCT02699515
Merck et al. (49)/ 159 NR NR NR NR NR NR 10.1 NR NR NR NR NR NR
NCT03833661
Villanueva et al. (51)/ 31 6.1 (2.1-6.4) NR NR 8.6 (5.6-NE) NR NR 10 68 0 10 58 97 48
NCT03797326
Lin et al. (35)/ 32 4.9 (4.7-5.2) 337 625 11.0(06-123) 719 394 25 78.1 0 25 53 100 62.5
NCT03895970
Arkenau et al. (36)/ 26 1.64 (1.38-2.76) 18.0 NR 6.44 (4.17- 618 300 38 385 0 38 346 NR 38.5
NCT02443324 13.27)
Wang et al. (34)/ 22 4.4 (2.4-6.3) NR NR 13.1(8.1-182) NR NR 190 714 0 190 523 100 63.6
NCT04642664
Zong et al. (52)/ 1% 6.5 (3.6-9.4) NR NR Not reached NR NR 400 867 NR NR 467 70.6 NR
ChiCTR1900022003
Zhou et al. (50)/ 25 8 NR NR NR NR NR 4167 75 125 292 333 83.3 16.7
NCT03996408
Sun et al. (53)/ 34 5.95 (3.78-11.50) NR NR NR NR 6471 118 765 0 118 647 NR NR
NCT03825705
Cousin et al. (54)/ 34 2.5 (1.9-5.5) NR NR 11.9 (6.2-NE) NR NR 138 517 0 138 379 NR NR
NCT03475953
Oh et al. (47)/ (1)30 13.0 NR NR 15.0 NR NR 500 967 NR NR 467 NR NR
NCT03046862 (2) 46 1.9 NR NR 20.7 NR NR 733 978 NR NR 239 NR NR
(3) 45 11.0 NR NR 181 NR NR 734 100 NR NR 267 NR NR
Boileve et al. (60)/ (110 NR NR NR NR NR NR NR NR NR NR NR NR 40
NCT03704480 210 NR NR NR NR NR NR 10 60 10 0 50 NR 60
Floudas et al. (55)/ 12 3.1 (0.8-4.6) NR NR  545(4.60-83) NR NR 0 .7 0 0 417 NR NR
NCT02821754
Klein et al. (37)/ 39 2.9 (2.2-4.6) NR NR 5.7 2.7-11.9) NR NR 23 44 0 23 21 NR NR
NCT02923934
Chiang et al. (58)/ 48 8.0 (5.8-not NR NR Not reached NR NR 417 875 NR NR 458 NR NR
NCT04172402 reached) (10.7-not
reached)
Liu et al. (56)/ 39 6.7 NR NR NR NR NR 206 853 0 206 647 NR NR
NCT03796429
Chen et al. (38)/ 37 6.1 (5.1-6.8) 50 NR 11.8(8.3-154) NR NR 54 89 0 54 35 97 70
NCT03486678
Qin et al. (57)/ 47 NR NR NR NR NR NR 70 674 NR NR 605 NR NR
NCT03092895
Gou et al. (59) 32 5.43 NR NR NR NR NR 25 843 NR NR 594 NR NR

All patients in most studies were evaluated except that the tumor responses were 46/54 in the Kim2020 studly, 23/24 in the KEYNOTE-028 studly, 34/39 in the Yarchoan2020 study, 21/22
in the Wang2021 study, 15/17 in the Zong2021 study, 24/25 in the Zhou2021 studly, 29/34 in the Cousin2021 studly, 34/39 in the Liu2020 study, and 43/47 in the Qin2019 study; PFS
was 23/24 in the KEYNOTE-028 study and 21/22 in the Wang2021 study; OS was 21/22 in the Wang2021 study; and safety results were 39/40 in the Kang2020 study and 24/25 in the
Zhou2021 study. Five studies had more than one subgroup of interest. Specifically, patients were allocated to the nivolumab group [Ueno20191)] or the nivolumab/GemCis group
[Ueno2019(2)] in the Ueno2019 study; the PD1 inhibitor monotherapy group [Sun2019(1)] or the PD1 inhibitor plus chemotherapy group [Sun2019(2)] in the Sun2019 study; the
durvalumab group [loka2019(1)] or the durvalumaby/tremelimumab group [loka2019(2)] in the loka2019 study; the biomarker group [receiving durvalumab/tremelimumab with GemCis,
[Oh2020(1)], the durvalumab/tremelimumab with GemCis group [Oh2020(2)] or the durvalumab with GemCis group [Oh2020(3)] in the Oh2020 studly; the durvalumab/tremelimumab
group [Boileve2021(1)] or the durvalumab/tremelimumab with paclitaxel group [Boileve2021(2)] in the Boileve2021 study.

PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; aBTC, advanced biliary tract cancer; mPFS, medium progression-free survival; Cl, confidence interval; 6m-
PFS, 6-month progression-free survival; 12m-PFS, 12-month progression-free survival; mOS, medium overall survival; 6m-OS, 6-month overall survival; 12m-0OS, 12-month overall
survival; ORR, objective response rate; DCR, disease control rate; CR, complete response; PR, partial response; SD, stable disease; AEs, adverse events; NR, not reported; NE, not
estimable; PFS, progression-free survival: OS, overall survival; GemCis, gemcitabine + cisplatin.
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Characteristic TACE-L-P group (n=41) TACE-L group (n=40) P

Sex 0.309
Female 4(9.8) 7(17.5)
Male 37(90.2) 33 (82.5)

Age (years) 51.9+103 54.6 + 11.0 0.263

ECOG PS 0.274
1 8(19.5) 12 (30.0)
0 33 (80.5) 28 (70.0)

HBsAg 0.779
Positive 35 (85.4) 35 (87.5)
Negative 6(14.6) 5(12.5)

Child-Pugh class 0.309
B 4(9.8) 7175
A 37 (90.2) 33 (82.5)

AFP level (ug/L) 0.733
>400 21(51.2) 22 (55.0)
<400 20 (48.8) 18 (45.0)

PIVKA-II (mAU/mi) 0.517
>400 27 (65.9) 29 (72.5)
<400 14 (34.1) 11 (27.5)

Recurrent tumor 0.362
No 35 (85.4) 31(77.5)
Yes 6(14.6) 9(22.5)

Number of tumors 0.439
>3 23 (56.1) 19 (47.5)
<3 18 (43.9) 21 (52.5)

Tumor distribution 0.939
Bilobar 28 (68.3) 27 (67.5)
Unilobar 13 (31.7) 13 (32.5)

Largest tumor size (cm) 123+ 4.8 136+ 5.1 0.218

Main portal vein invasion 0.441
Yes 5(36.6) 18 (45.0)
No 26 (63.4) 22 (55.0)

Hepatic vein invasion 0.581
Yes 12 (29.3) 14 (35.0)
No 29 (70.7) 26 (65.0)

Extrahepatic metastasis 0.585
Yes 17 (41.5) 19 (47.5)
No 24 (58.5) 21 (52.5)

TACE technique 0.223
cTACE 17 (41.5) 22 (55.0)
DEB-TACE 24 (58.5) 18 (45.0)

Data were presented as n (%) or mean + standard deviation. TACE-L-P, transarterial chemoembolization combined with lenvatinib plus PD-1 inhibitor; TACE-L, transarterial
chemoembolization combined with lenvatinib; ECOG PS, Eastern Cooperative Oncology Group Performance Status; HBsAg, hepatitis B surface antigen; AFP, o-fetoprotein; PIVKA-II,
protein induced by vitamin K absence or antagonist-ll; TACE, transarterial chemoembolization; cTACE, conventional transarterial chemoembolization; DEB-TACE, drug-eluting bead

transarterial chemoembolization.
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Factor

Sex
Female/Male

Age (years)
<60/>60

ECOG PS
1/0

HBsAg
Positive/Negative

Child-Pugh class
B/A

AFP level (ug/L)
>400/<400

PIVKA-Il (mAU/mL)
>400/<400

Recurrent tumor
No/Yes

Number of tumors
>3/<3

Tumor distribution
Bilobar/Unilobar

Largest tumor size (cm)
>10/<10

Main portal vein invasion
Yes/No

Hepatic vein invasion
Yes/No

Extrahepatic metastasis
Yes/No

Treatment option
TACE-L/TACE-L-P

TACE technique
CTACE/DEB-TACE

Overall survival

Progression-free survival

Univariate analysis

HR (95% CI)

1.459 (0.713-2.984)
1.118 (0.631-1.981)
1.587 (0.897-2.809)
1.632 (0.699-3.810)
1.698 (0.800-3.606)
1.317 (0.779-2.225)
1.275 (0.714-2.274)
1.480 (0.723-3.030)
1.528 (0.893-2.615)
1.144 (0.647-2.022)
1.531 (0.857-2.739)
1.638 (0.970-2.767)
1.263 (0.721-2.211)
1.710 (1.013-2.888)
1.987 (1.172-3.367)

1.188 (0.706-2.001)

P

0.301

0.703

0.113

0.257

0.168

0.304

0.411

0.283

0.122

0.643

0.150

0.065

0.414

0.045

0.011

0.517

Multivariate analysis
HR (95% CI) P
1.867 (1.089-3.200) 0.023
2.041 (1.183-3.520) 0.010
2.065 (1.208-3.533) 0.008

Univariate analysis

HR (95% ClI)

0951 (0.450-2.009)
0971 (0.581-1.626)
1.271 (0.748-2.162)
1.045 (0.533-2.046)
1.243 (0.631-2.448)
1.146 (0.718-1.828)
1.387 (0.829-2.319)
1.013 (0.561-1.829)
1.177 (0.733-1.888)
1.033 (0.623-1.711)
1.388 (0.836-2.304)
1.025 (0.635-1.653)
1.315 (0.783-2.206)
2125 (1.313-3.438)
2100 (1.288-3.425)

1.311(0.817-2.103)

P

0.895

0.912

0.376

0.899

0.580

0.568

0.212

0.965

0.500

0.900

0.205

0.920

0.300

0.002

0.003

0.262

Multivariate analysis

HR (95% CI)

2.337 (1.430-3820) O\

2.312 (1.404-3.808) 0.

P

001

001

Analyses were performed using Cox proportional hazard regression model. HR, hazard ratio; Cl, confidence interval; ECOG PS, Eastern Cooperative Oncology Group Performance Status;
HBsAg, hepatitis B surface antigen; AFP, o-fetoprotein; PIVKA-II, protein induced by vitamin K absence or antagonist-ll; TACE-L, transarterial chemoembolization combined with
lenvatinib; TACE-L-P, transarterial chemoembolization combined with lenvatinib plus PD-1 inhibitor; TACE, transarterial chemoembolization; cTACE, conventional transarterial
chemoembolization; DEB-TACE, drug-eluting bead transarterial chemoembolization.
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Adverse events Any grade Grade 3

TACE-L-P group (n=41) TACE-L group (n=40) P TACE-L-P group (n=41) TACE-L group (n=40) P
Total 38 (92.7) 38 (95.0) 1.000 15 (36.6) 13(32.5) 0.699
Related to TACE 6 (14.6) 7(17.5) 0.725 0(0.0) 0(0.0 =
New ascites 3(7.3 2 (5.0 1.000 0(0.0) 0(0.0 =
Pleural effusion 2(4.9) 2(5.0 1.000 0(0.0 0(0.0 =
Inguinal hematoma 2(4.9 3(7.5) 0977 0(0.0) 0(0.0) -
Biliary injury® 1(2.4) 2 (5.0 0.983 0(0.0) 0(0.0) -
Related to drug® 38 (92.7) 37 (92.5) 1.000 15 (36.6) 13 (32.5) 0.699
Hypertension 16 (39.0) 14 (35.0) 0.708 9(22.0) 8(20.0) 0.829
Weight loss 14 (34.1) 11 (27.5) 0517 1(2.4) 0(0.0) 1,000
Diarrhea 13 (31.7) 13 (32.5) 0.939 0(0.0) 0(0.0 -
Hand-foot syndrome 11 (26.8) 13 (32.5) 0576 0(0.0) 0(0.0) -
Fatigue 11(26.8) 9(22.5) 0.651 124 0(0.0 1.000
Elevated AST 11 (26.8) 8(20.0) 0.468 0(0.0) 1(2.5) 0.494
Decreased appetite 10 (24.4) 9 (22.5) 0.841 1(2.4) 1(2.5) 1.000
Hypothyroidism 10 (24.4) 8 (20.0) 0.635 0(0.0) 0(0.0) =
Elevated ALP 9(22.0) 11 (27.5) 0.563 0(0.0) 0(0.0) =
Hypoalbuminemia 9(22.0) 8 (20.0) 0.829 0(0.0) 0(0.0) =
Abdominal pain 9(22.0) 8(20.0) 0.829 0(0.0) 1(2.5) 0.494
Pruritus 9(22.0) 4(10.0) 0.143 0(0.0) 0(0.0) -
Elevated ALT 8(19.5) 9(22.5) 0.741 1(2.4) 0(0.0) 1,000
Thrombocytopenia 8(19.5) 8(20.0) 0.956 124 2(5.0 0.983
Neutropenia 8(19.5) 6(15.0) 0.591 2(4.9 2(5.0 1.000
Proteinuria 8(19.5) 6(15.0) 0.591 0(0.0 0(0.0 -
Rash 8(19.5) 4(10.0) 0.228 0(0.0) 0(0.0) =
Anemmia 7(17.1) 5 (12.5) 0.562 0(0.0) 1(2.5) 0.494
Lymphopenia 7(17.1) 4(10.0) 0.353 1(2.4) 0(0.0) 1,000
Elevated TBi 6(14.6) 7(17.5 0.725 1(2.4) 1(2.5) 1,000
Nausea 6(14.6) 6 (16.0) 0.963 0(0.0) 0(0.0) =
Elevated GGT 6 (14.6) 5(12.5) 0.779 0(0.0) 0(0.0) =
Ventosity 6 (14.6) 5(12.5) 0.779 1(2.4) 0(0.0) 1.000
Arthralgia 6(14.6) 5(12.5) 0.779 0(0.0 0(0.0 -
Vomiting 5(12.2) 6 (15.0) 0.713 0(0.0) 0(0.0) -
Gingival bleeding 5(12.2) 6 (15.0) 0.713 0(0.0) 0(0.0) =
Dysphonia 4(9.8) 6 (15.0) 0.704 0(0.0) 0(0.0) -
Edema 3(7.9) 4(10.0) 0973 0(0.0) 0(0.0) =
Elevated uric acid 3(7.3) 1(2.5) 0.626 0(0.0) 0(0.0) -
Insomnia 2(4.9) 2(5.0) 1.000 0(0.0) 0(0.0) -
Infusion reaction 249 - - 0(0.0) - -
Hyperglycemia 124 0(0.0 1.000 0(0.0 0(0.0 =
Pneumonitis 1(24) 0(0.0 1.000 1(2.4) 0(0.0 1.000

Data were presented as n (%). fincluded intrahepatic biliary dilatation and biloma; *Referred to lenvatinib and/or PD-1 inhibitor. TACE-L-P, transarterial chemoembolization combined with
lenvatinib plus PD-1 inhibitor; TACE-L, transarterial chemoembolization combined with lenvatinib; TACE, transarterial chemoembolization; AST, aspartate aminotransferase; ALT, alanine
aminotransferase; ALP, alkaline phosphatase; TBi, total bilirubin; GGT, y-glutamyl! transpeptidase.
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Medication regimens
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Medication regimens

Overall

Anti-PD1

Anti-PDL1

Monotherapy

Anti-PD1

Anti-PDL1

Combined with antiangiogenesis
Anti-PD1

Anti-PDL1

Combined with anti-CTLA4
Anti-PD1

Anti-PDL1

Combined with chemotherapy
Anti-PD1

Anti-PDL1

Combined with anti-CTLA4 + chemotherapy
Anti-P

Anti-PDL1

ORR DCR
N ES©5%C)% P% P  Pvalue N ES©%C)% F% P  P-value
0005 0.933
740 174(119,228 898 <0001 740 613(494,731) 936  <0.001
560 237(138.336 961 <0001 401 611066 755 979 <0001
0474 0.094
314 62(18105 749 0001 314 37.4(261,487) 779 <0001
265 76(23128 585 0065 106 2814 (141428 650 0058
0.381 0.980
125 163(5527.0) 696 0011 125  689(537,84.1) 748 0003
87  203(52.355 721 0028 87  684(533.834) 508 0083
0010 0.301
39 231099863 - , 39 436(280,592) - .
77 48(56 152 864 0007 77 336(23.1.442) 00 0543
<0.001 0.002
262 307(17.2,442) 860 <0001 262 826(759,893) 562 0033
45 733(604.863) - ~ 45 1000 (995 1004) - -
86  451(81,821) 936  <0.001 8  950(87.0,1080) 659 0053
Any-grade AEs Grade 3-4 AEs
N ES@5%CI,% P % P P-value N ES(95%CI),% P % P P-value
0017 0.750
475  825(788,863 970 <0001 538  333(19.4,472) 976 <0001
161 742(639.845) 561 0077 74 351(176.527) 615 0050
0008 <0001
268  461(303,619 864 <0001 322 90(26,154) 844 <0001
72 639(528,750) 00 0934 30 36.7(194.539 - ~
0.001 0.001
102 997(984,101.0) 628 0045 111 532(416,649 386 0180
24 833084, 982 - - 24 16.7(1.8,31.6) - -
65  815(21,91.0 10 400956, 70.4)
105 946(87.0,1022 842 0002 105 65.1(328,97.5 943  <0.001
= = = = 10 600(296,904) - =

Heterogeneity across studies was evaluated by the Cochran Q chi-square test and P statistic, with P <0.1 for the Q test deemed to have high heterogeneity and F >50% regarded as an
indiicator of moderate-to-high heterogeneity. If separate verdicts from the Q test and I statistic were at opposite poles, we would give priority to the conclusion from the I statistic since the
former is proverbially underpowered to detect heterogeneity. Differences between groups were tested by the chi-square test using IBM SPSS Statistics 22.0, with two-sided P-value <0.05

considered significant.

ORR, objective response rate; DCR, disease control rate; AEs, adverse events; PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; aBTC, advanced biliary tract
cancer; ES, effect size; Cl, confidence interval: CTLA4, cytotoxic T lymphocyte antigen 4.
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Line of therapy ORR DCR
subgroup
N ES@% P P N ES@®% P
Cl), % % Cl), % %
First-line therapy 345 42.3(240, 942 <0.001 345 88.6(82.6, 87.2 <0.001
60.6) 94.5)
Second-line therapy or 943 11.6(7.9, 829 <0.001 784 51.1 (40.4,
beyond 15.2) 61.8)
P-value <0.001 <0.001

91.56 <0.001

67

569

Any-grade AEs

ES (95%
Cl), %

99.9 (99.3,
100.6)
72.2 67.0,
77.3)
<0.001

P, P
%
00 0320
97.0 <0.001

67

545

Grade 3-4 AEs

ES(95% P P

o, % %
80.8(61.5, 77.8 0034
100.1)

268 (17.7, 93.6 <0.001
35.9)

<0.001

Heterogeneity across studies was evaluated by the Cochran Q chi-square test and I statistic, with P <0.1 for the Q test deemed to have high heterogeneity and I° >50% regarded as an
indicator of moderate-to-high heterogeneity. If separate verdicts from the Q test and I statistic were at opposite poles, we would give priority to the conclusion from the  statistic since the
former is proverbially underpowered to detect heterogeneity. Differences between groups were tested by the chi-square test using IBM SPSS Statistics 22.0, with two-sided P-value <0.05

considered significant.

ORR, objective response rate; DCR, disease control rate; AEs, adverse events; aBTC, advanced biliary tract cancer; ES, effect size; Cl, confidence interval.
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Medication regimens CR PR SD
N ES@5%C), P P N ES@5%C) P P N ES(©5%CI), % P P
% % % % %
Anti-PD1/PDL1 monotherapy 420 0.0(-0.1,02) 00 0989 420 59(25,92 698 <0.001 420 26.1(18.1,34.1) 746 <0.001
Anti-PD1/PDL1 + antiangiogenesis 197 00(-02,03) 00 0756 197 13.8(7.3,20.3) 495 0.065 212 480(39.5 56.5) 39.5 0.116
Anti-PD1/PDL1 + anti-CTLA4 116 00(-02,03) 00 099 116 9.9(-22,21.9 89.1 <0.001 116 227(156.1,30.2) 0.0 0.379
Anti-PD1/PDL1 + chemotherapy 139 00(-03,04) 7.1 0358 139 33.9 (19.5, 723 0013 307 46.5(35.6,57.4) 758 <0.001
48.3)

Anti-PD1/PDL1 + anti-CTLA4 + 10 10.0 (-8.6, - - 10 0.1 (-1.9,2.1) - = 86 37.5(19.3,55.7) 636 0.064
chemotherapy 28.6)

Overall 882 0.0(-0.1,0.1) 00 0995 882 10.1(7.3,12.9) 85.1 <0.001 1,141 37.6(31.6,43.6) 80.9 <0.001

Heterogeneity across studies was evaluated by the Cochran Q chi-square test and I statistic, with P <0.1 for the Q test deemed to have high heterogeneity and F >50% regarded as an
indicator of moderate-to-high heterogeneity. If separate verdicts from the Q test and I statistic were at opposite poles, we would give priority to the conclusion from the F statistic since the

former is proverbially underpowered to detect heterogeneity.

CR, complete response; PR, partial response; SD, stable disease; PD1, programmed cell death protein 1; PDL1, programmed cell death ligand 1; aBTC, advanced biliary tract cancer; ES,

effect size; Cl, confidence interval: CTLA4, cytotoxic T lymphocyte antigen.
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Variable Univariable

OR for progressive disease(95% CI)

IL-1RA after 1 cycle of FOLFIRINOX

<median Ref

>median 0.19 (0.06-0.63)
IL-18 before start of FOLFIRINOX

<median Ref

>median 2.62 (0.88-7.74)
IL-18 increase during 1 cycle of FOLFIRINOX

<50% Ref

>50% 0.33 (0.11-0.94)
MIP-1p increase during 1 cycle of FOLFIRINOX

No Ref

Yes 0.37 (0.13-1.08)

CI, confidence interval; IL, interleukin; IL-1RA, interleukin-1 receptor antagonist; MIP, macrophage inflammatory protein; OR, odds ratio; Ref, reference. *Significant P-value.

0.007°

0.083

0.038"

0.069

Multivariable

OR for progressive disease(95% CI)

Ref
0.25 (0.07-0.94)

Ref
2.08 (0.63-6.92)

Ref
0.66 (0.119-2.27)

Ref
0.73 (0.21-2.48)

0.040°

0.231

0.506

0.729
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Betore start of FOLFIRINOX

Cytokine/chemokine Detection rate disease control (%), n=64 Detection rate progressive disease (%), n=19 P
IEN-y 4(6) 1(5) 1.000
IL-lo 12 (19) 4(21) 1.000
IL-1B 18 (28) 1(5) 0.059
IL-1RA 2(3) 1(5) 0.547
IL-2 12 (19) 0 (0) 0.059
IL-6 1(2) 1(5) 0.408
IL-7 45 (70) 14 (74) 1.000
IL-10 2(3) 0 (0) 1.000
IL-15 6(9) 0(0) 0.328
IL-17A 13 (20) 1(5) 0.172
IL-18 29 (45) 6 (32) 0.428
IL-21 6(9) 1(5) 1.000
IL-22 50 0(0) 0.584
IL-27 5(78) 0(0) 0.584
MCP-1 62 (97) 18 (95) 0.547
MIP-1o 18 (28) 5 (26) 1.000
TNF-ou 10 (16) 0 (0) 0.107
After 1 cycle of FOLFIRINOX

Cytokine/chemokine Detection rate disease control (%), n=64 Detection rate progressive disease (%), n=19 P
IEN-y 6(9) 1(5) 1.000
IL-lo 11 (17) 3 (16) 1.000
IL-1B 14 (21) 4(21) 1.000
IL-1RA 31 (48) 4(21) 0.038°
IL-2 10 (16) 0(0) 0.107
IL-6 4(6) 2(11) 0.616
IL-7 45 (70) 13 (68) 1.000
IL-10 3(5) 0(0) 1.000
IL-15 4(6) 0(0) 0.569
IL-17A 14 (22) 2(11) 0.340
IL-18 44 (69) 11 (58) 0416
IL-21 4(6) 2(11) 0.616
IL-22 4(6) 1(5) 1.000
IL-27 5(8) 0(0) 0.584
MCP-1 62 (97) 17 (90) 0.223
MIP-1o 13 (20) 421 1.000
TNF-o 8 (13) 1(5) 0.677

[N, interferon; IL, interleukin; IL-1RA, interleukin-1 receptor antagonist; IP-10, interferon gamma-induced protein 10; MCP, monocyte chemoattractant protein; MIP, macrophage
inflammatory protein; TNF, tumor necrosis factor. *Significant P-value.
P-values are calculated by Fisher’s exact tests.
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All patients, n=83

(%)

Age (years), median (IQR) 64 (58-70)
Sex, male 47 (57)
Stage of disease

Resectable or borderline resectable 28 (34)

Locally advanced 35 (42)

Metastatic 20 (24)
Response” to FOLFIRINOX

Stable disease 54 (65)

Partial response 10 (12)

Progressive disease 19 (23)
Response® to FOLFIRINOX, dichotomized
Disease control 64 (77)
Progressive disease 19 (23)
Time point of CT evaluation progressive disease* (n=19)

After cycle 1 1(5)

After cycle 2 3 (16)

After cycle 3 2 (11)

After cycle 4 9 (47)

After cycle 6 1(5)

After cycle 8 3 (16)
Number of cycles of FOLFIRINOX received, 8 (4-8)
median (IQR)
Baseline CA19-9 (kU/L), median (IQR) 320 (60-1296)

CA19-9, carbohydrate antigen 19-9; IQR, interquartile range. *According to the RECIST
1.1 criteria.
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Cut-off values Sensitivity (%) 95% CI Specificity (%) 95% CI +LR -LR

>=3.97 100 87.2 -100.0 0 00-54 1

>3.97 100 87.2 - 100.0 1.52 0.04 -8.2 1.02 0
>5.07 100 87.2-100.0 3.03 0.4-105 1.03 0
>5.15 100 87.2 - 100.0 4.55 09-127 1.05 0
>5.39 100 87.2-100.0 6.06 17-148 1.06 0
>7.21 100 87.2 - 100.0 7.58 25-16.8 1.08 0
>7.66 96.3 81.0-99.9 7.58 25-16.8 1.04 0.49
>8.17 96.3 81.0-99.9 9.09 3.4-187 1.06 0.41
>8.27 96.3 81.0-99.9 10.61 4.4-206 1.08 0.35
>9.08 96.3 81.0-99.9 12.12 5.4-225 1.1 0.31
>9.19 96.3 81.0-99.9 13.64 6.4-243 1.12 0.27
>9.51 96.3 81.0-99.9 156.156 7.5-26.1 1.13 0.24
>9.61 96.3 81.0-99.9 16.67 86-27.9 116 0.22
>9.72 96.3 81.0-99.9 18.18 9.8 -29.6 1.18 0.2
>10.16 96.3 81.0-99.9 19.7 10.9-31.3 12 0.19
>10.83 92.59 75.7 - 99.1 19.7 109-81.38 1.15 0.38
>10.94 92.59 75.7 - 99.1 24.24 14.5 - 36.4 1.22 0.31
>11.11 92.59 75.7 - 99.1 25.76 15.8 - 38.0 1.25 0.29
>11.17 92.59 75.7 - 99.1 27.27 17.0-39.6 1.27 0.27
>11.29 92.59 75.7 - 99.1 28.79 18.3-413 13 0.26
>11.62 92.59 75.7 - 99.1 30.3 19.6 - 429 1.33 0.24
>11.88 88.89 70.8 - 97.6 31.82 209 -44.4 13 0.35
>12.2 85.19 66.3 - 95.8 31.82 20.9 - 44.4 1.25 0.47
>12.54 85.19 66.3 - 95.8 33.33 222 -46.0 1.28 0.44
>12.6 85.19 66.3 - 95.8 34.85 23.5-47.6 1.31 0.43
>12.76 85.19 66.3 - 95.8 36.36 24.9 - 491 1.34 0.41
>13.02 85.19 66.3 - 95.8 37.88 26.2 - 50.7 1.37 0.39
>13.1 85.19 66.3 - 95.8 39.39 27.6-522 1.41 0.38
>13.23 85.19 66.3 - 95.8 40.91 29.0 - 83.7 1.44 0.36
>13.29 85.19 66.3 - 95.8 42.42 30.3 - 85.2 1.48 0.35
>13.36 85.19 66.3 - 95.8 43.94 31.7 - 86.7 1.52 0.34
>13.74 85.19 66.3 - 95.8 45.45 33.1-58.2 1.56 0.33
>14.39 85.19 66.3 - 95.8 46.97 34.6 - 59.7 1.61 0.32
>14.92 85.19 66.3 - 95.8 48.48 36.0-61.1 1.65 0.31
>15.05 85.19 66.3 - 95.8 50 37.4-62.6 1.7 0.3
>15.23 85.19 66.3 - 95.8 51.52 38.9 - 64.0 1.76 0.29
>15.32 85.19 66.3 - 95.8 53.03 40.3 - 65.4 1.81 0.28
>15.34 85.19 66.3 - 95.8 54.55 41.8 -66.9 1.87 0.27
>15.35 85.19 66.3 - 95.8 56.06 43.3 - 68.3 1.94 0.26
>16.46 85.19 66.3 - 95.8 57.58 44.8 - 69.7 2.01 0.26
>15.5 81.48 61.9-937 57.58 44.8 - 69.7 1.92 0.32
>16.87 81.48 61.9-93.7 59.09 46.3-71.0 1.99 0.31
>16.22 81.48 61.9-937 60.61 47.8-72.4 2.07 0.31
>16.29 81.48 61.9 -93.7 62.12 49.3-73.8 215 0.3
>16.64 81.48 61.9-93.7 63.64 50.9 - 75.1 2.24 0.29
>16.85 81.48 61.9 -93.7 66.67 54.0-77.8 2.44 0.28
>17.13 81.48 61.9-93.7 68.18 55.6 - 79.1 2.56 0.27
>17.14 74.07 53.7 - 88.9 68.18 55.6 - 79.1 2.33 0.38
>18.09 74.07 53.7 - 88.9 69.7 57.1-80.4 244 0.37
>18.57 74.07 53.7 - 88.9 71.21 58.7 - 81.7 2.57 0.36
>18.6 70.37 49.8 - 86.2 .21 58.7 - 81.7 2.44 0.42
>19.02 70.37 49.8 - 86.2 72.73 60.4 - 83.0 2.58 0.41
>19.2 70.37 49.8 - 86.2 75.76 63.6 - 85.5 29 0.39
>19.35 70.37 49.8 - 86.2 77.27 65.3 - 86.7 3.1 0.38
>19.51 70.37 49.8 - 86.2 78.79 67.0-87.9 3.32 0.38
>19.53 * 70.37 49.8 - 86.2 80.3 68.7 - 89.1 3.57 0.37
>19.81 66.67 46.0 - 83.5 80.3 68.7 - 89.1 3.38 0.42
>19.88 62.96 42.4 - 80.6 80.3 68.7 - 89.1 32 0.46
>19.94 59.26 38.8-77.6 80.3 68.7 - 89.1 3.01 0.51
>20.44 51.85 319-7138 80.3 68.7 - 89.1 2.63 0.6
>20.75 51.85 31.9-71.3 84.85 739-925 3.42 0.57
>21.07 51.85 319-713 87.88 77.5-94.6 4.28 0.55
>22.03 48.15 28.7 - 68.1 87.88 77.5-94.6 3.97 0.59
>22.87 44.44 25.5-64.7 87.88 77.5-94.6 3.67 0.63
>23.02 40.74 22.4-61.2 89.39 79.4 - 95.6 3.84 0.66
>23.09 40.74 22.4-612 90.91 81.3-96.6 4.48 0.65
>23.52 37.04 19.4 - 57.6 90.91 81.3-96.6 4.07 0.69
>23.86 33.33 16.5 - 54.0 90.91 81.3-96.6 3.67 0.73
>25.4 33.33 16.5 - 54.0 92.42 83.2-97.5 4.4 0.72
>26.46 29.63 13.8-50.2 92.42 83.2-97.5 391 0.76
>26.64 29.63 13.8-50.2 93.94 85.2-98.3 4.89 0.75
>26.96 25.93 11.1-46.3 93.94 85.2 -98.3 4.28 0.79
>28.27 22.22 86-423 93.94 85.2-98.3 3.67 0.83
>29.14 2222 86-423 95.45 87.3 - 99.1 4.89 0.81
>29.31 22.22 86-423 96.97 89.5-99.6 7.33 0.8
>30.91 18.52 6.3 - 38.1 96.97 89.5 - 99.6 6.11 0.84
>32.08 14.81 4.2-337 96.97 89.5-99.6 4.89 0.88
>33.07 14.81 4.2-337 98.48 91.8 - 100.0 9.78 0.86
>34.07 RARR 24-292 98.48 91.8 - 100.0 7.33 0.9
>35.29 7.41 09-243 98.48 91.8 - 100.0 4.89 0.94
>36.54 3.7 0.09 - 19.0 98.48 91.8 - 100.0 2.44 0.98
>38.02 3.7 0.09 - 19.0 100 94.6 - 100.0 0.96
>39.43 0 0.0-128 100 94.6 - 100.0 1

LS, Liver stifiness; PD, Progressive disease; Cl, confidence Interval; +LR, positive likelihood ratio; -LR, negative likelihood ratio; *: the cut-off value has the highest sum of sensitivity and
specificity.
Bold values are values with statistical differences (P value<0.05).
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Factors Univariate Multivariate
OR 95% CI P Value OR 95% Cl P Value
Age 0.981 0.945-1.018 0.308
Gender: Male/Female 1.439 0.434-4.773 0.552
AFP (ng/mL): 0.514
<20*
20-400 2.000 0.569-7.028 0.280
>400 1.5638 0.660-4.230 0.404
ALT (U/L) 0.998 0.992-1.005 0.629
AST (UL) 0.999 0.993-1.005 0.773
PT (s) 1.053 0.814-1.362 0.694
ALB (g/L) 1.009 0.932-1.093 0.829
PLT (10°1) 1.001 0.997-1.006 0.592
TBIL (pmol/L) 1.002 0.957-1.050 0.923
BCLC stage: B/C 0.769 0.271-2.184 0.622
ECOG performance: 0.909
0
] 1.229 0.452-3.342 0.687
2 1.306 0.111-15.299 0.832
Child-Pugh: B/A 1.101 0.308-3.936 0.882
ALBI grade:1/2 0.124 0.044-0.354 <0.001 0.107 0.032-0.359 <0.001
Tumor number: >3/<3 1.857 0.746-4.623 0.183
Tumor size (cm) 0.938 0.841-1.046 0.252
Embolus: Present/Absent 1.668 0.615-3.998 0.347
Extrahepatic metastasis: Present/Absent 1.061 0.360-3.132 0.914
LS value of tumor by SWE (kPa) 1.139 1.063-1.222 <0.001 1.148 1.064-1.239 <0.001
LS value of adjacent normal liver tissue by SWE (kPa) 0.999 0.946-1.055 0.962

AFP, o-fetoprotein; ALB, albumin; ALBI, albumin-bilirubin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; ECOG, Eastem Cooperative Oncology Group; LS, liver

stifness; PD, Progressive disease; PLT, platelet count; PT, prothrombin time; TBIL, total bilirubin; SWE, shear-wave elastography.

*Used as the reference category.
Bold values are values with statistical differences (P value<0.05).
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Adverse Event All patients (n = 133) Training set (n = 93) Validation set (n = 40)

All Grades, n (%) Grades 3/4, n (%) All Grades, n (%) Grades 3/4, n (%) All Grades, n (%) Grades 3/4, n (%)

Hepatitis™ 42 (31.6) 4 (3.0) 33(35.5) 222 9(22.5) 2 (5.0
Abdominal pain 36 (27.1) 323 29(31.2) 332 7(17.5) 0
Thrombocytopenia 36 (27.1) 1(0.8) 25 (26.9) 0 11 (27.5) 125
Diarrhea 32 (24.1) 43.0) 23 (24.7) 332 9(225) 1(2.5)
Hypothyroidism 31(23.3) 4(3.0) 25 (26.9) 2(2.2) 6(15.0) 2 (5.0)
Hypertension 30 (22.6) 3(2.3) 22 (23.7) 0 8(20.0) 3(7.5)
Headache 29 (21.8) 2(1.5) 19(20.4) 22 10(25.0) 0
Fatigue 25(18.8) 0 18(19.4) 0 7(17.5) 0
Proteinuria 24 (18.0) 323 18(19.4) 1(1.1) 6(15.0) 2(5.0)
Rash 22 (16.5) 4(3.0) 19 (20.4) 332 3(7.5) 1(2.5)
Leukopenia 14 (10.5) 0 11(11.8) 0 3(7.5) 0
Vomiting 11 (8.3) 1(0.8) 9(9.7) 1(1.1) 2(5.0) 0
Hoarseness 6(4.5) 0 4(4.3) 0 2(5.0) 0
Dental ulcer 3(2.3) 0 3(3.2) 0 0 0

There was no grade 5 adverse event (death) in any patient.
* Hepatitis was detected by Alanine aminotransferase (ALT) or aspartate aminotransferase (AST) increase.
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Tumor response, n (%) All patients (n = 133)
Complete response (CR) 1(0.8)

Partial response (PR) 30 (22.6)
Stable disease (SD) 65 (48.9)
Progressive disease (PD) 37 (27.8)

ORR (CR + PR)* 31 (23.4)

DCR (CR + PR + SD)" 96 (72.2)

Training set (n = 93)

1.1)

20.4)
49.5)
29.0)
21.5)
71.0)

4
19
46
27

(
(
(
(
20 (:
6 (

Validation set (n = 40)

0

1(27.5)
19 (47.5)
10 (25.0
11(27.5)
30 (75.0)

DCR, disease control rate; ORR, objective response rate.
*Pearson y° = 0.562, P = 0.453 (ORR comparison between the validation and training sets).
*Pearson »2 = 0.226, P = 0.634 (DCR comparison between the validation and training sets).
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Characteristics All patients (n = 133) Training set (n = 93) Validation set (n = 40) P value®

Age (years) 53 £12 54 £12 5111 0.243
Gender 0232
Men, n (%) 116 (87.2) 79 (84.9) 37 (92.5)

Women, n (%) 17 (12.8) 14 (15.1) 3(7.5)
AFP (ng/mi) 0.807
<20 57 (42.9) 39 (41.9) 18 (45.0)

20-400 24(18.0) 16 (17.2) 8(20.0)

>400 52 (39.1) 38 (40.9) 14 (35.0)
ALT (U/L) 29.0 (5.00, 1048.00) 26.00 (5.00, 1048.00) 35.00 (11.00, 125.00) 0.802
AST (UL) 40.50 (9.00, 723.00) 38.00 (9.00, 723.00) 52.00(18.00, 324.00) 0.249
PT (s) 11.83 +1.62 11.88 + 1.80 11.69 + 1.09 0.538
ALB (g/L) 36.32 +5.59 36.00 + 5.66 37.06 + 5.36 0.287
PLT (10°1) 160.9 + 84.8 159.92 + 88.90 163.15 + 75.58 0.970
TBIL (umol/L) 17.80 + 10.60 16.91 +9.59 19.59 + 12.63 0.183
BCLC 0.543
B, n (%) 32 (24.1) 21 (22.6) 11 (27.5)

C, n (%) 101 (75.9) 72 (77.4) 29 (72.5)

ECOG performance* 0973
0, n (%) 93 (69.9) 65 (69.9) 28 (70.0)

1, (%) 36 (27.1) 25 (26.9) 11 (27.5)

2,n (%) 4(3.0) 332 1(2.5)

3, n (%) 0 0 0

Child-Pugh grade 0.877
A 114 (85.7) 80 (86.0) 34 (85.0)

B 19 (14.3) 13 (14.0) 6 (15.0)

ALBI -2.29 + 0.53 -2.29 £ 0.58 -2.29 + 0.51 0.984
ALBI grade 0.662
1,0 (%) 76 (57.1) 52 (55.9) 24 (60.0)

2, (%) 57 (42.9) 41 (44.1) 16 (40.0)

Tumor number 0.773
<3 nodules, n (%) 84(63.2) 58 (62.4) 26 (65.0)

>3 nodules, n (%) 49 (36.8) 35 (37.6) 14 (35.0)

Tumor size (cm) 7.41 £4.30 7.43 £ 4.38 7.35 +4.16 0.922
Embolus 0215
Absent, n (%) 74 (55.6) 55 (59.1) 19 (47.5)

Present, n (%) 59 (44.4) 38 (40.9) 21 (52.5)

Extrahepatic metastasis 0.845
Absent, n (%) 105 (78.9) 73 (78.5) 32 (80.0)

Present, n (%) 28(21.1) 20 (21.5) 8(20.0)

LS value of tumorous foci by SWE (kPa) 17.49 +7.47 17.70 £ 7.78 16.87 + 6.68 0.557
LS value of adjacent normal liver tissue by SWE (kPa) 14.32 + 8.30 13.96 + 8.26 15.16 + 8.44 0.409

AFP, a-fetoprotein; ALB, albumin; ALBI, albumin-bilirubin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; BCLC, Barcelona Clinic Liver Cancer; ECOG, Eastern
Cooperative Oncology Group; LS, liver stifiness; PD-1, programmed cell death protein 1; PLT, platelet count; SWE, shear-wave elastography; PT, prothrombin time; TBIL, total bilirubin.
ALBI score = (Iog, bilirubin x 0.66) + (albumin x —0.085). *Fisher’s exact test, others used 2 tests. *Comparison between the validation and training sets.
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Case1: Bacteria Case2: Immune cell Case3: Bacteria-Cell

CIBERSORT 0.68 0.64 0.80
0.75 0.71 0.88
0.67 0.67 0.88
Average accuracy 0.70 0.67 0.85
PSO-SVR 0.68 0.76 0.80
0.75 0.79 0.75
0.67 0.67 0.96

Average accuracy 0.70 0.74 0.84
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Species

Caldatribacterium sp.

Acidaminococcaceae sp.

Planctopirus sp.
Desulfobulbaceae sp.
Nocardia farcinica

FDR

3.15x 107"
1.79 x 10°
2.50 x 10°°
2.50 x 10°°
8.02 x 10

Difference %

74.94%
73.58%
73.66%
71.10%
71.20%

State (11)

SN
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PBMC-FC

CRC-IC

Melanoma-scRNA

Cell type

B cells
Monocytes
CD4 T cells
CD8T cells
B cells
Monocytes
NK cells

T cells

B cells
Macrophages
NK cells
CDA4 T cells
CD8 T cells

Root mean square error (RMSE)

0.028763
0.056215
0.073478
0.110915
0.057609
0.018876
0.116719
0.060646
0.019590
0.028086
0.021296
0.034945
0.050518

Pearson (r)

0.69534
0.92192
0.84827
0.84207
0.39181
0.87587
0.23008
0.18626
0.99128
0.70316
0.92560
0.95508
097476

Spearman (rs)

0.67669
0.93684
0.88270
0.82105
051515
0.78181
0.30909
0.16363
0.85381
0.67192
0.86315
0.92847
0.97543
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ARPC5 actin-related protein 2/3 complex subunit 5
Arp2/3 actin-related protein 2/3
TCGA the Cancer Genome Atlas database

GTEx Genotype-Tissue Expression database
TIMER Tumor Immune Evaluation Resource
FPKM Fragments Per Kilobase per Million
CNV copy number variations

TMB tumor mutation burden

MSI microsatellite instability;

MMRs mismatch repairs

HCC hepatocellular carcinoma

0s overall survival

DSS disease-specific survival

PFI progression-free interval

DFS disease-free survival

TME tumor microenvironment

ICIs immune checkpoint inhibitors

m6A N6methyladenosine

m5C RNAS5methylcytosine

mlA Nlmethyladenosine

qPCR quantitative real-time polymerase chain reaction

siRNA small-interfering RNA

EdU 5-ethynyl-2'-deoxyuridine

ACC adrenocortical carcinoma

BLCA bladder urothelial carcinoma

BRCA breast invasive carcinoma

CESC cervical squamous cell carcinoma and endocervical adenocarcinoma
CHOL cholangiocarcinoma

COAD colon adenocarcinoma

DLBC lymphoid neoplasm diffuse large B cell lymphoma
ESCA esophageal carcinoma

GBM glioblastoma multiforme

HNSC head and neck squamous cell carcinoma
KICH kidney chromophobe

KIRC kidney renal clear cell carcinoma

KIRP kidney renal papillary cell carcinoma
LAML acute myeloid leukemia;

LGG rain lower grade glioma

LTHC iver hepatocellular carcinoma;

LUAD lung adenocarcinoma

LUSC lung squamous cell carcinoma;

MESO mesothelioma

ov ovarian serous cystadenocarcinoma
PAAD pancreatic adenocarcinoma

PCPG pheochromocytoma and paraganglioma
PRAD prostate adenocarcinoma

READ rectum adenocarcinoma

SARC sarcoma

SKCM skin cutaneous melanoma;

STAD stomach adenocarcinoma

TGCT testicular germ cell tumors;

THCA thyroid carcinoma

THYM Thymoma

UCEC uterine corpus endometrial carcinoma
ucs uterine carcinosarcoma

UvM uveal melanoma
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Parameter Meaning Reference range Value
k(X,y) kernel function linear K (x,y)=xy

C Penalty factor [1,108] 3

¢ sensitivity [0,0.2] 1.203564x10°
> Kernel function coefficient [0.01,2.0] 0.04545455
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Cancer types Immune score Stromal score

R p-value R p-value
ACC 0.11 3.48E-01 0.15 1.73E-01
BLCA 0.23 2.24E-06 0.16 1.34E-03
BRCA 022 2.50E-13 0.026 3.95E-01
CESC 0.082 1.54E-01 0.037 5.15E-01
CHOL 0.083 6.29E-01 0.11 5.14E-01
COAD 0.13 5.07E-03 0.087 6.05E-02
DLBC 023 1.22E-01 025 8.98E-02
ESCA 0013 8.70E-01 0.016 8.37E-01
GBM 048 6.27E-11 048 9.12E-11
HNSC 0.1 1.97E-02 -0.06 1.72E-01
KICH 0.56 1.94E-06 062 7.97E-08
KIRC 0.55 <2.2E-16 052 <2.2E-16
KIRP 042 4.19E-14 04 1.38E-12
LAML 057 <2.2E-16 065 <22E-16
LGG 0.6 <2.2E-16 0.56 <2.2E-16
LIHC 0.045 3.85E-01 0.0038 941E-01
LUAD 023 1.31E-07 024 1.57E-08
LUSC 0.24 8.32E-08 0.16 3.72E-04
MESO -0.079 4.67E-01 -0.12 261E-01
ov 0.18 3.20E-04 0.19 2.52E-04
PAAD 0.092 2.24E-01 0.083 2.71E-01
PCPG 029 9.05E-05 04 2.31E-08
PRAD 043 <22E-16 039 <2.2E-16
READ 0043 5.82E-01 0.081 3.01E-01
SARC 026 2.08E-05 012 5.64E-02
SKCM 0.19 4.05E-05 013 5.93E-03
STAD 0.11 3.30E-02 -0.031 5.48E-01
TGCT 0.54 <2.2E-16 0.41 9.87E-08
THCA 038 <2.2E-16 036 <2.2E-16
THYM 0.5 1.15E-08 -0.22 1.62E-02
UCEC 0.004 9.17E-01 -0.027 5.24E-01
ucs 04 2.40E-03 012 3.84E-01
UVM 0.059 6.04E-01 0.037 7.45E-01

R represents the coefficient correlation of Spearman analysis. Boldness indicates p-value less than 0.05.
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Characteristics Number of cases (%)

Age

<60 27 (67.5)
>60 13 (32.5)
Gender

Male 36 (90)
Female 4 (10)
HBsAg

Negative 9 (22.5)
Positive 31 (77.5)
Child-Pugh classification

A 21 (52.5)
B 19 (27.5)
AFP

<400 ng/ml 25 (62.5)
>400 ng/ml 15 (37.5)
Liver cirrhosis

Absent 9 (22.5)
Present 31 (77.5)
Tumor number

Single 30 (75)
Multiple 10 (25)
Lymph nodes metastasis

NO 37 (92.5)
N1 3(7.5)
Distant metastasis

MO 40 (100)
M1 0(0)
Edmondson-Steiner grades

I 3(7.5)
1T 20 (50)
11 19 (47.5)

v 0(0)
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gender 59.88 + 10.43 56.29 + 8.64 1.05 0.300
ANC 2.80 £ 1.03 3.95+1.88 -1.76 0.087
LC 1.41 +£0.59 1.53 +0.94 -0.36 0.724
NLR 248 £2.07 353 +2.70 -1.07 0.291
Target lesion/total lesion 13.26 + 7.58 14.99 + 8.28 -0.56 0.577
Liver metastasis 6 (66.67) 23 (74.19) 0.0004 0.983
Bone metastasis 0 1(3.23) / 1.00
Lung metastasis 4 (44.44) 9(29.08) 0.216 0.642
Lymph node metastasis 3(33.33) 8(25.81) 0.0004 0.983

ANC, Absolute Neutrophil Count; LC, lymphocyte count.
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Therapy Target NCT Line Phase n  Patients  mPFS/mTTP months (95% Cl) mOS months (95% Cl) ORR  DCR
monotherapies

Sorafenib VEGFR, PDGFR, Raf NCT 00288212 first I 31 advanced BTC 30(20-4.0) 9.0(4.0-12.0) 00%  39.0%
Sunitinib VEGFR, PDGFR, c-Kit, IRE1at NCT 01718327  second ] 53 advanced iCCA 52 9.6(5.8-13.1) 15.0% 85.0%
Sunitinib VEGFR, PDGFR, c-Kit, IRE10: NCT 01082809 second Il 56 advanced BTC 17(1.024) 483848 89% 50.0%
Lenvatinib VEGFR, FGFR, PDGFR, Kit, RET NCT 02579616 second Il 17 advanced BTC 60% 820%
Lenvatinib VEGFR, FGFR, PDGFR, Kit, RET NCT 02579616  second ] 26 advanced BTC 32(2.79-7.23 7.4(4.5-11.3) 11.5% 85.0%
Regorafenib VEGFR, PDGFR, Kit, RET, Raf NCT 02053376  second ] 43 advanced BTC 39(3.2-6.2 8.0 (3.3-18.6) 11.0% 56.0%
Apatinib VEGFR-2 NCT 03521219 second Il 24 advanced CCA 32(27-5.1) 83(38-12.9) 208% 62.5%
Apatinib VEGFR-2 NCT 03251443  second I 26 advanced iCCA 20(0.7-3.3 9.0(4.6-13.4) 11.5% 50.3%
Vandetanib VEGFR, EGFR, PDGFR, Tie-2, FGFR NCT 00753675 first ] 56 advanced BTC 3.4 (23-5) 7.4(6.1-11.7) 36% 25.0%
Cytotoxic + targeted therapies

GEM+ VEGFR, EGFR, NCT 00753675 first a7 37(2962) 92(69-11.6) 19.3%  29.8%
Vandetanib PDGFR, Tie-2, FGFR

GEM-+ 52 advanced BTC 48(1.97.9) 99(82-16.9) 135%  20.0%
placebo

GC+ VEGFR, PDGFR, Raf NCT 00919061  first ] 39 advanced BTC 6.5(3.5-8.3) 14.4(11.6-19.2)

Sorafenit

GemCap+ VEGF NCT 01007552 first Il advanced BTC 8.1(5.3-99) 10.2 (7.5-137) 24.0%  72.0%
Bevacizumab

GEMOX+ VEGF NCT 00361231 first + second ] 385 advanced BTC 7.0(6.3-10.3) 12.7 (7.3-18.1) 40.0% 69.0%
Bevacizumab

GEM+L-OHPL+ EGFR NCT 01206049 first Il 45 advanced BTC 6.1(58-8.1) 95(83-13.3) 46.0%
Cape+Panitumumab

GEM+L-OHPL+ VEGF 43 8.2(5.3-10.6) 12.3 (8.8-13.3) 18.0%
Cape+Bevacizumab

GEM-+placebo VEGFR, PDGFR, RAF, KIT, FLT-3 NCT 00661830  first Il 36 advanced BTC 49(357.7) 1.2 10.0%  90.0%
GEM+Sorafenib a“ 30(1.8-72 84 14.0% 86.0%
GC+Cediranib VEGFR, PDGFR, c-kit NCT 00939848 first I 62 advanced BTC 80(65-9.3) 14.1(10.2-16.4) 44.0%  78.0%
GC+placebo 62 7.4(5.7-85) 11.9.(02-143) 19.0%  65.0%
Targeted + targeted therapies

Lenvatinib+ VEGFR, FGFR, PDGFR, Kit, RET, PD-1 NCT 03895970  second ] 32 advanced BTC 49 (4.7-5.2) 11.0(9.6-12.3) 250% 78.1%
Pembrolizumab

Sorafenib VEGFR, PDGFR, RAF, KIT, FLT-3, EGFR  NCT 01093222  first I 34 advanced BTC 20(20-30) 6.0(3.0-80) 60%  350%
+Erlotinib

Bevacizumab VEGF NCT 00356889 first Il 49 advanced BTC 443078 99(72-136) 120%  63.0%
+Erlotinib +EGFR

“These data represent mTTP.

GEM, Gemcitabine; GC, Gemcitabine + Cisplatin; GemCap, Gemcitabine + Capecitabine; GEMOX, Gemcitabine + Oxaliplatin; L-OHPL, Oxaliplatin; Cape, Capecitabine; NCT, Ntional Clinical Triak: mPFS, medlan progression-free survival;
mTTP, redian time 1o progression; mOS, median overall survival: ORR. objective rasponse rale: DCR, disease control raté.
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40 HCC patients treated with combination
therapy (Camrelizumab+Apatinib)

Baseline clinical data, blood samples, and
imaging data from 40 patients, PR (9), SD (30),
PD (1)

Gene detection from 10 patients,
patients with the best efficacy (5),
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T lymphocyte subpopulations from 15
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Characteristic

n

Gender, n (%)
Female
Male

Race, n (%)
Asian

Black or African American

White
Age, n (%)
<=60
>60
T stage, n (%)
T
T2
T3
T4
N stage, n (%)
NO
N1
M stage, n (%)
MO
M1
Pathologic stage, n (%)
Stage |
Stage Il
Stage lll
Stage IV
Tumor status, n (%)
Tumor free
With tumor
Residual tumor, n (%)
RO
R1
R2
Histologic grade, n (%)
G1
G2
G3
G4
AFP (ng/ml), n (%)
<=400
>400

Low expression
of CFHR4

187

68 (18.2%)
119 (31.8%)

100 (27.6%)
6(1.7%)
78 (21.5%)

101 (27.1%)
85 (22.8%)

78 (21%)

51 (13.7%)

50 (13.5%)
8 (2.2%)

136 (52.7%)
4(1.6%)

145 (53.3%)
3(1.1%)

74 21.1%)

45 (12.9%)

55 (15.7%)
4(1.1%)

85 (23.9%)
92 (25.9%)

164 (47.5%)
11.(3.2%)
0 (0%)

17 (4.6%)
77 (20.9%)
80 (21.7%)

11 (3%)

87 (31.1%)
46 (16.4%)

High expression
of CFHR4

187

53 (14.2%)
134 (35.8%)

60 (16.6%)
11 (3%)
107 (29.6%)

76 (20.4%)
111 (29.8%)

105 (28.3%)
44 (11.9%)
30 (8.1%)
5 (1.3%)

118 (45.7%)
0 (0%)

123 (45.2%)
1 (0.4%)

99 (28.3%)
42 (12%)
30 (8.6%)

1 (0.3%)

117 (33%)
61 (17.2%)

163 (47.2%)
6(1.7%)
1 (0.3%)

38 (10.3%)

101 (27.4%)

44 (11.9%)
1 (0.3%)

128 (45.7%)
19 (6.8%)

0.122

< 0.001

0.011

0.017

0.128

0.628

0.004

0.001

0.321

< 0.001

< 0.001
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Description Gene markers LIHC
Cor P value
CD8+ T cell CD8A -0.074 0.152
cbsB -0.120 0.017
T cell (general) CD3D -0.200 < 0.001
CD3E -0.054 0.301
CDh2 -0.089 0.087
B cell CD19 -0.140 0.006
CD79A -0.072 0.165
Monocyte CD86 -0.170 0.001
CD115 (CSF1R) -0.072 0.165
TAM CCL2 -0.005 0.922
CD68 -0.210 < 0.001
IL10 -0.110 0.04
M1 Macrophage INOS (NOS2) 0.22 < 0.001
IRF5 -0.230 <0.001
COX2 (PTGS2) 0.006 0.9
M2 Macrophage CD163 0.079 0.129
VSIG4 0.03 0.564
MS4A4A 0.063 0.223
Neutrophils CD66b (CEACAMS) -0.120 0.021
CD11b (ITGAM) -0.130 0.009
CCR7 0.12 0.023
Natural killer cell KIR2DL1 0.064 0.215
KIR2DL3 -0.047 0.367
KIR2DL4 -0.069 0.183
KIR3DL1 -0.009 0.866
KIR3DL2 0.026 0.612
KIR3DL3 -0.065 0.209
KIR2DS4 0.005 0.929
HLA-DPB1 -0.110 0.038
HLA-DQB1 -0.043 0.411
HLA-DRA -0.003 0.956
HLA-DPA1 0.051 0.327
BDCA-1 (CD1C) 0.005 0.926
Dendritic cell BDCA-4 (NRP1) -0.110 0.028
CD11c (ITGAX) -0.160 0.002
Tht T-bet (TBX21) 0.061 0.239
STAT4 -0.091 0.078
STAT1 -0.120 0.016
IFN-y (IFNG) -0.110 0.03
TNF-o. (TNF) -0.069 0.182
Th2 GATA3 -0.094 0.069
STAT6 0.03 0.568
STAT5A -0.190 < 0.001
IL13 -0.013 0.802
Tth BCL6 -0.022 0.669
IL21 -0.110 0.041
STAT3 0.082 0.113
IL17A 0.035 0.496
Th17 FOXP3 0.08 0.123
CCR8 -0.081 0.116
STAT5B -0.016 0.763
TGFB (TGFB1) -0.260 <0.001
T cell exhaustion PD-1 (PDCD1) -0.220 < 0.001
CTLA4 -0.200 < 0.001
LAG3 -0.240 < 0.001
TIM-3 (HAVCR2) -0.190 <0.001
GZMB -0.086 0.098
Treg FOXP3 0.08 0.123

The bold values indlicates that the correlation analysis between CFHR4 and biomarker of
immune cell is statistically significant.
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Event, n (%) Chemotherapy (n=20) DEB-TACE+ICIs (n=20) P

Any TRAE Any grade  Grade 1/2  Grade 3/4 Any grade Grade 1/2  Grade 3/4 Any grade Grade 1/2  Grade 3/4
20(100.0) 17 (85.0) 8 (40.0) 17 (85.0) 16 (80.0) 6 (30.0) 0.072 0.677 0.507
Hematologic toxic effects
Leukopenia 8(40.0) 6 (30.0) 2(10.0 2(10.0 1(6.0 0(0) 0.028 0.087 0.147
Neutropenia 7(35.0) 6 (30.0) 1(5.0) 1(5.0) 1(6.0 0(0) 0.018 0.037 0.311
Reduced hemoglobin level 3(15.0) 2(10.0) 1(5.0) 1(5.0) 1(6.0) 0(0) 0.292 0.548 0.311
Thrombocytopenia 6(30.0) 5(25.0) 1(6.0) 2(10.0) 2(10.0) 00) 0.114 0212 0.311
Hepatic function
Increased AST 5(25.0) 3(15.0) 2(10.0) 9(45.0) 6(30.0) 3(16.0) 0.185 0.256 0.633
Increased ALT 5(25.0) 3(15.0) 2(10.0) 9 (45.0) 5(25.0) 4(20.0) 0.185 0.429 0.376
Hyperbilirubinemia 4(20.0) 4(20.0) 0(0) 6(30.0) 6(30.0) 0(0) 0.465 0.465 >0.999
Hypoalbuminemia 4(20.0) 4(20.0) 0(0) 5(25.0) 5(25.0) 0(0) 0.705 0.705 >0.999
Nonhematologic toxic effects
Nausea 8(40.0) 8(40) 0(0) 6(30.0) 6(30.0) 00) 0.507 0.507 >0.999
Vomiting 9 (45.0) 7 (35.0) 2(10.0) 8(40.0) 6(30.0) 2(10.0) 0.749 0.736 >0.999
Anorexia 4 (20.0 4(20.0) 0(0) 2(10.0 2(10.0) 0(0) 0.376 0.376 >0.999
Fatigue 7(35.0) 4(20.0) 3(15.0) 8(40.0) 5(25.0) 3(15.0 0.744 0.705 >0.999
Constipation 1(5.0) 1(5.0) 000 2(10.0) 2(10.0) 00) 0.548 0.548 >0.999
Abdominal pain 3(15.0) 3(15.0) 0(0) 6(30.0) 4(20.0) 2(10.0) 0.256 0.677 0.147
Alopecia 3(15.0) 2(10.0) 1(5.0) 2(10.0) 2(10.0) 00) 0.633 >0.999 0.311
Rash 1(6.0) 1(5.0) 0(0) 3(15.0) 3(15.0) 0(©) 0.292 0.292 >0.999
Hypothyroidism 0(0) 0(0) 0(0) 5(25.0) 5(25.0) 00) 0.017 0.017 >0.999
RCCEP 0(0) 0(0) 0(0) 5(25.0) 5(25.0) 00 0.017 0.017 >0.999

TRAEs, treatment-related adverse events; PSM, propensity score matching; TRAE, treatment-related adverse event; DEB-TACE+ICIs, drug-eluting bead transarterial chemoembolization
combined with immune checkpoint inhibitors; AST, aspartate aminotransferase; ALT, alanine transaminase; RCCEP, reactive cutaneous capillary endothelial proliferation.
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Variables Progression-free survival Overall survival
Univariate analysis Multivariate analysis Univariate analysis Multivariate analysis
HR 95% ClI P HR 95% CI P HR 95% CI P HR 95% CI P
Age (years) 1.659 0.768-3.166 0.219 1.866 0.798-4.364 0.150
<60/>60
Sex 0.686 0.339-1.388 0.295 0911 0.401-2070 0.823
Female/Male
ECOG PS 1.149  0.549-2.404 0.712 1862 0.725-4.785 0.196
0/1+2
Child-Pugh class 0.809 0.468-2.645 0.809 2021 0.775-5.273 0.150
A5/A6+B7
CA199 (u/ml) 0.665 0.298-1.485 0.320 1.256 0.464-3.399 0.653
<87/>37
CEA (ug/mi) 1.202 0.566-2.556 0.632 1.495 0.582-3.840 0.404
<5/>5
AST (UL 1.003 0.458-2.196  0.994 1.145 0.484-2.709 0.759
<40/>40
ALT (U/L) 0.775 0.372-1.614 0.775 1638 0.641-4.188 0.303
<385/>35
Albumin level (g/L) 0.337 0.188-1.770  0.337 0278 0.110-1.112 0216
<35/>35
Tumor number 1379 0678-1.805 0035 1.721 0.452-3.120 0.045 1204 0.525-1.762 0.061 1452 0.567-2.148 0.032
Single/Multiple
Tumor size (cm) 2436 1.060-5.600 0.036 2749 1.185-6.378 0.019 2117 0922-4.863 0.067 1.961 1.124-3.321 0.023
<5/>6
Tumor differentiation 1.189 0.531-2.662 0.674 1623 0.551-4.781 0.379
WAl+V
Extrahepatic metastasis 0.841 0.376-1.883 0.674 0616 0.209-1.814 0379
Yes/No
Treatment 2170 1.020-4.619 0.044 2481 1.150-5.354 0.021 2906 1.174-7.194 0.006 2.882 1.1563-7.203 0.024

DEB-TACE+ICIs/Chemotherapy

Analyses were performed using Cox’s proportional hazards regression model. PFS, progression-free survival; OS, overall survival; PSM, propensity score matching; HR, Hazard Ratio; Cl,
confidence interval; ECOG PS, ALT, alanine transaminase; Eastern Cooperative Oncology Group performance score; TBIL, total bilirubin; AST, aspartate transaminase; DEB-TACE+ICIs,
drug-eluting bead transarterial chemoembolization combined with immune checkpoint inhibitor.
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All response, n (%) Before PSM After PSM

DEB-TACE+(Cls (1=20)  Chemotherapy (n=29) P DEB-TACE+Cls (n=20) Chemotherapy (n=20) P

CR 1(5.0 00 0.224 1650 00 0311
PR 10 (50.0) 4(138) 0.006 10 (50.0) 4(20.0) 0.047
SD 7(35.0) 20 (69.0) 0.019 7(35.0) 13 (65.0) 0.058
PD 2(100) 5(17.2) 0.476 2(10.0) 3(15.0) 0.633
ORR 11 (85.0) 4(13.8) 0.002 11 (85.0) 4(200) 0.022
DCR 18 (90.0) 24 (82.8) 0.476 18 (90.0) 17 (85.0) 0633

PSM, propensity score matching; DEB-TACE+ICls, drug-eluting bead transarterial chemoembolization combined with immune checkpoint inhibitors; CR, complete response; PR, partial
response; SD, stable disease; PD, progressive disease; ORR, objective response rate; DCR, disease control rate.
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Characteristics, n (%)

Median age, years (range)
<60
> 60
Sex
Male
Female
ECOG PS
0
1
2
Child-Pugh class
A5
A6
B7
CA199, U/ml
<37
>37
CEA, ng/ml
<5
>5
AST, U/L
ALT, U/L
Albumin, g/dI
Bilirubin  (mol/L)
WBC (x10°1)
Neutrophile (x10%L)
PLT (x10°/L)
HGB (g/L)
Tumor number
Single
Multiple
Tumor size, cm
<5
>5
Tumor differentiation
I
Ui
\%
Extrahepatic metastasis
Yes
No

DEB-TACE+ICls
(n=20)

59 (34-76)
10 (50.0)
10 (50.0)

11 (86.0)
9(45.0)

8(40.0)
10 (50.0)
2(10.0)

13 (65.0)
3(15.0)
4(200)

6(30.0)
14 (70.0)

10 (50.0)
10 (50.0)
32.3:16.3

28 (12-75)
38.8:5.5

11.9 (6.8-36.1)
71416
51414
196475
125+18

12 (60.0)
8(40.0)
6.7+3.0
6 (30.0)
14 (70.0)

5(25.0)
7(35.0)
8(40.0)

15 (75.0
5(25.0)

Before PSM

Chemotherapy
(n=29)

59 (31-78)
15 (51.7)
14 (48.3)

8(27.6)
20 (69.0)
1(34)

22 (75.9)
5(17.2)
2 (69

9(31.0)
20 (69.0)

74.1)
22 (75.9)
58.1+54.2

40 (156-175)
39.4+3.4

14.1 (4.7-95.9)
6.3+2.0
44417
18761
129+18

17 (58.6)
12 (41.4)
5.8+3.0

14 (48.3)
15 (51.7)

7 (24.1)
14 (48.9)
8(27.6)

22(75.9)
7 (24.1)

0.906

0.458

0.353

0.388

0.938

0.062

0.035
0.080
0.018
0.143
0.817
0.940
0.610
0.870
0.923

0.544

0.592

0.945

DEB-TAEC+(Cls
(n=20)

59 (34-76)
10 (50.0)
10 (50.0)

11 (85.0)
9(45.0)

8(40.0)
10 (50.0)
2(10.0)

13 (65.0)
3(15.0)
4(200)

6(30.0)
14 (70.0)

10 (50.0)
10 (50.0)
32.3:16.3

28 (12-75)
38.8:5.5

11.9 (6.8-36.1)
71+1.6
51+£1.4
196475
125418

12 (60.0)
8 (40.0)
6.743.0
6(30.0)
14 (70.0)

5(25.0)
7(35.0)
8 (40.0)

15 (75.0)
5(25.0)

After PSM

Chemotherapy
(n=20)

59 (31-74)
10 (50.0)
10 (50.0)

13 (65.0)
7(35.0)

5 (25.0)
14 (70.0)
1(5.0)

16 (80.0)
3(15.0)
1(5.0)

5(25.0
15 (75.0)

6(30.0)

14 (70.0)
38.1£17.4
39.5 (19-175)
38637

12,5 (4.7-95.9)
6.9+2.0
49417
200458
132417

8 (40.0)
12 (60.0)
6.3£2.9
8 (40.0)
12 (60.0)

5(25.0)
9 (45.0)
6 (30.0)

15 (75.0)
5(25.0)

>0.999

0.519

0.429

0.348

0.723

0.197

0.377
0.137
0.270
0.315
0.640
0.864
0.472
0.897
0.206

0.889

0.765

>0.999

PSM, propensity score matching; DEB-TACE+ICIs, drug-eluting bead transarterial chemoembolization combined with immune checkpoint inhibitors; ECOG PS, Eastem Cooperative
Oncology Group performance score; CA199, Carbohydrate antigen_199; AST, aspartate aminotransferase; CEA, carcinoembryonic antigen; ALT, alanine transaminase; WBC, white
blood cell: PLT, platelet; HGB, Hemoglobin.
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Advanced HCC patients treated with TACE-L-P
or TACE-L from January 2019 to December 2020

Assessed for eligibility (n = 92)

Patients treated with TACE-L-P
(n=4T7)

Excluded (n = 6)

* Brain metastasis (z = 1)

* Previous TACE, HAIC, radiotherapy
or systemic therapy (n = 3)

* Other malignancies (= 1)

* Data incomplete (n = 1)

TACE-L-P group
(n=41)

Patients treated with TACE-L
(n=45)

Excluded (n=5)
* Previous TACE, HAIC, radiotherapy

or systemic therapy (n = 2)
* Medical comorbidities (n= 1)

+ Data incomplete (n = 2)

TACE-L group
(n = 40)
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HepG2 and MHCC97 cell lines and HCC patient-  Promoted cell viability and metastasis m® A-YTHDF1-EGFR axis 2021 (14)

derived xenograft mouse model

Tumor-associated endothelial cell (TAEC), platelet, Enhanced TAEC permeability; activated platelets in Upregulation of vascular endothelial- 2021 (15)

HepG2 and SMMC7721 cell lines, and orthotopic  vitro; and promoted tumor growth, metastasis and cadherin and ICAM-1

tumor mouse model endothelial permeability in vivo

Hep3B and Huh7 cell lines Enhanced colony formation, migration, EMT, and IF1 overexpression and NF-kB activaton 2020  (16)
angiogenesis; increased resistance to sorafenib

Huh? cell line, xenograft nude mouse model, and  Facilitated cell growth and metastasis in vitro and in ceRNA mechanism: ASMTL-AS1/miR- 2020 (17)

liver metastasis model by tail vein injection vivo 342-3p/NLK/YAP axis

Huh7 and MHCC97 cell lines Promoted cell proliferation, migration, invasion, ©ceRNA mechanism: GASB-AS2/miR- 2020  (18)
epithelial-mesenchymal transition, and stemness 3619-5p/ARL2 axis

HepG2 cell line Enhanced cell proliferation, colony formation, and c-Met overexpression and MAPK signal 2020 (19
migration pathway activation

HCCLMS3 cell line, xenograft nude mouse model Induced tumor growth, EMT changes, and metastasis  Flotillin-1/2 overexpression and Akt/Wnt/ 2019 (20)
in vitro and in vivo B-catenin signaling pathway activation

HepG2 and SMMC7721 cell lines Increased cell proliferation, migration, invasion and HIF-1a/BNIP3 pathway 2019 (21)
autophagy in vitro

HCCLM3 and HepG2 cell lines, orthotopic nude Promoted lung and intrahepatic residual tumor cells in  ITGB3 overexpression and FAK/PI3K/ 2017 (22)

mouse model vivo and promoted cell migration and invasion in vitro AKT signaling pathway activation

HCCLM3 and HepG2 cell lines, orthotopic nude Changed cellular morphology, motility, metastasis, and  B-catenin signaling activation 2014 (23)

mouse model EMT in vitro and in vivo

SMMC7721 and Huh7 cell lines, ectopic nude Enhanced cell proliferation, migration, invasion, and Akt and ERK signaling pathways 2018 (24)

mouse model, and metastasis model by tail vein  EMT in vitro; increased tumor size and lung metastasis

injection in vivo

TAEC, HepG2 and HCCLM3 cell lines Inhibited TAECs proliferation, enhanced TAECs Activation of Akt, ERK1/2 and NF-xB 2012 (25)

migration and tube formation (angiogenesis); and
promoted HCC cell invasiveness

signaling pathways and inhibition of
STATS signaling pathways
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