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Editorial on the Research Topic 


Novel biomarkers in tumor immunity and immunotherapy


In this Research Topic, numerous researchers reported novel biomarkers and methodologies for predicting the efficacy of cancer immunotherapy across various cancers. Additionally, a wide spectrum of fundamental research has been conducted, leading to the discovery of biomarkers. Alongside traditional immunological analyses, a diverse array of methodologies such as bulk RNA-Seq, scRNA-Seq, and bacterial flora analysis have been employed. Moreover, state-of-the-art bioinformatics technologies have been effectively utilized in biomarker discovery. These investigations not only unveil intriguing new discoveries facilitated by cutting-edge technologies but also hold significant promise for shaping the future landscape of tumor immunology.

We are pleased to present this successful Research Topic to the scientific community. This Research Topic comprises six reviews and forty-one original papers. Four systemic reviews on predicting response to immune checkpoint inhibitors (ICI) were published: Qian et al. conducted a meta-analysis, affirming that plasma EBV DNA levels serve as reliable biomarkers for predicting favorable responses to ICI treatment in nasopharyngeal cancer patients, Rugambwa et al. established an association between high neutrophil-lymphocyte and platelet-lymphocyte ratios and poorer ICI treatment outcomes, and Fejza et al. presented accumulating evidence indicating extracellular matrix molecules as biomarkers identifying patients benefiting from ICI treatment. Shi et al. compared various predictive biomarker testing methods for ICI efficacy, while Wu et al. reviewed small molecule inhibitors for KRAS mutant cancers. Fonseca-Montaño et al. delved into the significance of long-non coding RNAs (lncRNAs) in breast cancer and their latest findings. These reviews furnish insights into the current status of previous studies in the realm of tumor immunology, aiding in the recognition and anticipation of forthcoming challenges.

Biomarkers encompass cancer-specific and cancer-nonspecific markers applicable across diverse cancer types. Within this purview, several intriguing factors have been identified as treatment response and prognosis markers in pan-cancer patients. Dong et al. revealed the multifaceted role of Proteasome Activator Complex Subunit 3 (PSME3) in tumors, establishing it as a pan-cancer prognostic marker. Lin et al. proposed Glioma pathogenesis related-2 (GLIPR2) as a promising novel biomarker and tumor suppressor. Liu et al. examined the functional attributes of Tubulin epsilon and delta complex 2 (TEDC2) in human tumors, identifying TEDC2 as a prognostic marker across various tumor types. Li et al. elucidated the role of disulfidoptosis-related genes (DRGs) in pan-cancer prognosis and their interplay with immunity, constructing a prognostic model utilizing various bioinformatics and machine learning techniques. Zhu et al. highlighted that high expression of Origin recognition complex 6 (ORC6) could serve as a prognostic biomarker in pan-cancer patients. Wei et al. showed the positive correlation between elevated expression levels of IFN-γ-related genes and drug sensitivity, emphasizing the pivotal role of IFN-γ in tumor immunotherapy. Pan et al. reported on the involvement of integrin-binding sialic acid protein (IBSP), a member of the small integrin-binding ligand N-linked glycoprotein (SIBLING) family, in tumorigenesis across various cancers, proposing IBSPs as prognostic biomarkers and immunotherapy targets in pan-cancer. Wu et al. delineated the prognostic potential of the Ferroptosis-related gene Hypermethylated in Cancer 1 (HIC1) in various cancers, indicative of its utility in predicting cancer prognosis, immunotherapy response, and drug sensitivity. Li et al. demonstrated the significant correlation of Thymosin beta-10 (TMSB10) with the tumor microenvironment and immune regulatory factors, advocating its role as a predictive marker for therapeutic response in cancer patients. Huang et al. identified Four Jointed Box 1 (FJX1) as a novel prognostic factor crucial in tumor immunity based on comparative expression profile analysis. Sun et al. established an association between dysregulation of the proprotein convertase subtilisin/kexin-9 (PCSK9) and poor clinical outcomes, suggesting its potential as a robust pan-cancer biomarker. These studies link these genes previously not directly linked to oncogenesis or tumor immunity to immune regulation and suggest potential role as biomarkers.

Studies focusing on specific tumors have unveiled several therapeutic and prognostic markers in hepatocellular carcinoma (HCC). Shi et al. developed the PCD Index (PCDI), comprising programmed cell death-related genes, as a prognostic and treatment response predictor in HCC. Zhang et al. observed elevated expression of DnaJ heat shock protein family member C8 (DNAJC8) in HCC tissues, correlating with poor prognosis and demonstrating its oncogenic role. Jiang et al. identified a significant correlation between CD93 expression and the prognosis of liver hepatocellular carcinoma patients. Xu et al. elucidated abnormal T follicular helper cell infiltration associated with forkhead box M1 (FOXM1) as a crucial prognostic factor in HCC patients.

Prominent biomarkers have also emerged from studies on lung adenocarcinoma (LUAD) and lung squamous cell carcinoma (LUSC). Li et al. focused on coagulation- and macrophage-associated (COMAR) genes, constructing a COMAR risk score model predictive of prognosis and clinical outcome in LUAD patients. Zhu et al. identified twelve HUB genes via Weighted Gene Coexpression Network Analysis (WGCNA), potentially implicated in LUAD progression via immune-related signaling pathways. Wu et al. derived LUSC-specific differentially expressed gene signatures (7-DEGs) with prognostic significance for LUSC patients.

A multitude of original and intensive investigations have explored valid biomarkers across a diverse array of tumors. Li et al. identified hub biomarkers closely associated with gastric cancer (GC) using microarray data and algorithmic approaches. Cai et al. delineated the multifaceted role of Fibroblast activation protein (FAP) in gastrointestinal cancer progression. Deng et al. developed a prognostic panel using hypoxia-related genes, predicting clinical prognosis and treatment efficacy in GC. Chen et al. devised a prognostic score model based on tumor microenvironment (TME)-related genes, effectively predicting breast cancer patient prognosis and chemotherapy efficacy. Wei et al. employed immune- and cancer-associated fibroblast (CAF)-associated genes (ICRGs) to prognosticate and evaluate immunotherapy efficacy in colorectal adenocarcinoma patients. Hailang et al. identified the gene encoding mitochondrial Aspartyl-tRNA synthetase 2 (DARS2) as a prognostic biomarker in bladder cancer. Dong et al. unveiled the impact of necroptosis-associated myeloid lineages on the immune landscape of pancreatic cancer through scRNA-Seq analysis. Liu et al. conducted LASSO and Cox regression analyses on angiogenesis-related genes (ARGs) in soft-tissue sarcomas (STS) to establish a novel ARG signature (ARSig). Their study demonstrated that ARSig holds promise as an independent prognostic predictor for STS. Li et al. demonstrated that C15orf48, an inflammatory response-related gene, could be a potential biomarker for tumor prognosis and a target for immunotherapy in thyroid cancer. Jiang et al. identified two immunogenic cell death (ICD) subtypes through consensus clustering analysis and constructed an ICD prognostic signature capable of predicting overall survival in patients with renal clear cell carcinoma.

Recent insights underscore the pivotal role of the gut microbiota in the cancer microenvironment and its influence on the efficacy of immunotherapies such as ICIs. Multiple studies have been dedicated to this research area. Zhao et al. reported that enrichment of the gut microbiota, particularly Lachnoclostridium, correlates with the presence of intratumoral tertiary lymphoid structures (TLS) in HCC patients. Gorgulho et al. proposed an immune-microbial score comprising the relative abundance of CD3+HLADR+, NLR, and enterobacteria, which demonstrated predictive capability for therapeutic response to ICIs. Hamada et al. identified bacteria implicated in the efficacy of ICIs and immune-related adverse events (irAEs), suggesting promise for developing a marker to predict cancer immunotherapy efficacy through gut microbiota and fecal transplantation applications.

Several novel and useful biomarkers have emerged from serological methods. Hou et al. identified serum cytokines and the neutrophil-to-lymphocyte ratio as effective biomarkers for predicting the efficacy of ICIs in gastric cancer. Liu et al. introduced an inflammatory prognostic index (InPI) based on three inflammatory markers in patients with relapsed/refractory multiple myeloma (R/R MM) treated with CAR-T therapy, demonstrating its validity as a prognostic biomarker. Raza et al. identified novel immunosuppressive/stimulatory soluble mediators as surrogate and predictive biomarkers of tissue PD-L1 (TPD-L1) status, treatment response, and progression-free survival (PFS) in NSCLC patients treated with ICI.

Many studies have shown that the development of new methods and a multifaceted approach can help in the development of new biomarkers. Ohkuma et al. developed a highly sensitive quantitative immunohistochemical method employing phosphor-integrated dots (PID) for evaluating PD-L1 expression quantitatively. Utilizing this method, they were able to detect PD-L1 expression in the tumors of a subgroup of patients with a favorable prognosis with ICI. Zhang et al. established an alternative splicing (AS) prognostic signature based on AS subtypes in clear cell carcinoma (ccRCC), emphasizing the importance of the AS-SF network, inclusive of splicing factors (SFs), in studying regulatory mechanisms. Yang et al. introduced the CRP-albumin-lymphocyte (CALLY) index, which combines C-reactive protein (CRP), albumin, and lymphocytes, demonstrating its superior prognostic value compared to classical prognostic factors in colorectal cancer patients. Liu et al. introduced a novel biomarker for breast cancer, a nectin-4-specific scFv, with diagnostic and therapeutic applications, recognizing nectin-4 expressed by breast cancer cells in vitro and ex vivo. Zhou et al. identified CD26lowPD-1+ CD8 T cells associated with acute myeloid leukemia (AML) progression and described the prognostic significance of CD26 in AML. Inaba et al. suggested amino acid polymorphisms of HLA class II molecules and HLA-DP5 as genetic predictors of ICI-T1DM in type 1 diabetes induced by ICIs. Wang et al. demonstrated the utility of 18F-fluorodeoxyglucose positron emission tomography (18F-FDG PET) as an imaging biomarker for predicting pathologic response and prognosis in patients with unresectable hepatocellular carcinoma treated with lenvatinib and PD-1 as a conversion therapy.

The compilation of studies in this Research Topic explores various facets of tumor immunology, focusing on identifying novel biomarkers and predictive methods for cancer immunotherapy across diverse cancer types. Researchers employ advanced technologies to uncover promising biomarkers with implications for treatment response and prognosis in cancer patients. Systematic reviews and original papers shed light on the multifaceted landscape of tumor immunology, exploring biomarkers ranging from traditional immunological markers to emerging candidate biomarkers. Notably, investigations extend beyond cancer-specific markers, revealing the involvement of interesting molecules in cancer progression. Moreover, studies elucidate the role of the gut microbiota in modulating the tumor microenvironment and response to immunotherapy, offering insights into potential therapeutic interventions. Serological methods offer valuable biomarkers, while technological advancements, including quantitative immunohistochemical methods, enhance prognostic accuracy. This comprehensive body of work not only highlights the current state of tumor immunology research but also paves the way for future advancements in cancer diagnosis, prognosis, and treatment.
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Background

C15orf48 was recently identified as an inflammatory response-related gene; however there is limited information on its function in tumors. In this study, we aimed to elucidate the function and potential mechanism of action of C15orf48 in cancer.



Methods

We evaluated the pan-cancer expression, methylation, and mutation data of C15orf48 to analyze its clinical prognostic value. In addition, we explored the pan-cancer immunological characteristics of C15orf48, especially in thyroid cancer (THCA), by correlation analysis. Additionally, we conducted a THCA subtype analysis of C15orf48 to determine its subtype-specific expression and immunological characteristics. Lastly, we evaluated the effects of C15orf48 knockdown on the THCA cell line, BHT101, by in vitro experimentation.



Results

The results of our study revealed that C15orf48 is differentially expressed in different cancer types and that it can serve as an independent prognostic factor for glioma. Additionally, we found that the epigenetic alterations of C15orf48 are highly heterogeneous in several cancers and that its aberrant methylation and copy number variation are associated with poor prognosis in multiple cancers. Immunoassays elucidated that C15orf48 was significantly associated with macrophage immune infiltration and multiple immune checkpoints in THCA, and was a potential biomarker for PTC. In addition, cell experiments showed that the knockdown of C15orf48 could reduce the proliferation, migration, and apoptosis abilities of THCA cells.



Conclusions

The results of this study indicate that C15orf48 is a potential tumor prognostic biomarker and immunotherapy target, and plays an essential role in the proliferation, migration, and apoptosis of THCA cells.





Keywords: C15orf48, THCA, immunity therapy, apoptosis, biomarkers



1 Introduction

Cancer is a major public health concern worldwide (1). Studies show that approximately 3.21 million people died of cancer in 2022 (2). According to the latest assessment of the American Cancer Society, it is estimated that 609,820 people will die of cancer in the USA in 2023 (3). However, developments in immunotherapy, such as immune checkpoint (ICP)-targeting monoclonal antibodies and chimeric antigen receptor T cell therapy, have led to improvements in cancer treatment and prognosis (4, 5). Although these therapies have achieved great success in some cancers, such as breast cancer (BRCA) and glioblastoma (6, 7), their efficacy and post-treatment survival rates are low, especially for some metastatic cancers (8). Several studies have explored the common immunological features of cancers to determine the underlying mechanisms of tumorigenesis and progression (9); however, single cancer-targeting studies limit our understanding of the multifaceted nature of the cancer-related genes and features. Therefore, studies on the macroscopic ‘pan-cancer’ perspective might help reveal the underlying mechanism of tumorigenesis in malignant cancers (10–12).

C15orf48 (also known as Normal Mucosa of Esophagus-Specific Gene 1 protein [NMES1] and Modulator of Cytochrome C Oxidase during Inflammation [MOCCI]) was initially found to be downregulated in human esophageal squamous cell carcinoma (13), while another study found that it contributed to the development of colon cancer (14). C15orf48 forms a part of complex IV in the mitochondrial respiratory chain and interacts with multiple subunits in complexes I and IV (15, 16). Specifically, C15orf48 is a homolog of the NDUFA4 subunit of cytochrome C oxidase (complex IV), which replaces NDUFA4 in complex IV during inflammation, thereby reducing the membrane potential of mitochondria and reducing the production of reactive oxygen species (ROS), thus inhibiting immune response (17, 18). The inflammatory tumor microenvironment (TME) induced by chronic inflammation can greatly promote tumorigenesis (19). However, the potential role of C15orf48 has only been explored in esophageal squamous cell carcinoma and colon cancer, thus limiting the information on the role of C15orf48 in pan-cancer epigenetic changes, immunological characteristics, and prognosis. Therefore, in this study, we analyzed the pan-cancer expression level, methylation, single-cell mutation, copy number variation (CNV), and prognostic role of C15orf48. Additionally, by using multiple algorithms, we assessed the pan-cancer immunological signature of C15orf48 and its association with immunotherapy response. In addition, we analyzed the specific immunological characteristics, related functions, and subtype characteristics of C15orf48 in thyroid cancer (THCA) and verified the results by in vitro experimentation. The results of our study will help reveal the potential role of C15orf48 in tumor immunology and provide new directions for immunotherapy research.



2 Materials and methods


2.1 Data collection

The mRNA expression profiles and clinical data of 33 cancers were downloaded from the Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), and the mRNA expression profiles of normal tissues were downloaded from the Genotype-Tissue Expression (GTEx) database (https://www.gtexportal.org/home/) and Human Protein Atlas (HPA) database (https://www.proteinatlas.org/). Cell line gene expression matrices for tumors were obtained from the Cancer Cell Line Encyclopedia dataset (CCLE, https://portals.broadinstitute.org/ccle/about). The CNV data of 11,495 samples were downloaded from the TCGA database and processed by Genomic Identification of Significant Targets in Cancer v2.0. We also downloaded the level 4 single nucleotide variation (SNV) dataset and Illumina HumanMethylation 450k level 3 data of all TCGA samples processed by MuTect2 (20). The glioblastoma dataset, CGGA325, was downloaded from the Chinese Glioma Genome Atlas (CGGA) database (http://www.cgga.org.cn/) (21). Lastly, tumor mutation burden (TMB) and microsatellite instability (MSI) data were derived from studies by Vesteinn Thorsson et al. and Russell Bonneville et al., respectively (22, 23). Abbreviations and sample information are provided in Supplementary Table 1.




2.2 Pan-cancer differential expression, prognosis, and epigenetic analysis of C15orf48

The HPA and GTEx data were used to analyze the expression of C15orf48 in the normal tissues. C15orf48 cancer cell line expression levels were analyzed using CCLE data, and C15orf48 single-cell expression was analyzed using HPA and Tumor Immune Single-cell Hub (TISCH) data (http://tisch.comp-genomics.org/). The expression profiles of TCGA and GTEx were integrated and the differential expression of C15orf48 in tumor and normal tissues was compared. Thereafter, the samples from 33 cancer types were divided into high- and low-expression groups according to the median expression of C15orf48. Thereafter, the R package “survival” was used to compare the survival time and survival status of the two groups. The p-values and hazard ratios (HR, with 95% confidence intervals [CI]), for the Kaplan–Meier curves, were derived by log-rank test and univariate cox regression analysis. The time-dependent receiver operating characteristic (timeROC) analysis was used to compare the prediction accuracy of C15orf48, while univariate and multivariate cox regression analyses were used to assess its value as an independent prognostic factor.

We assessed the C15orf48 methylation levels of normal and pan-cancer tumor tissues and divided the tumor samples into high- and low-methylation groups according to the median C15orf48 methylation level. Spearman correlation analysis was used to obtain the correlation between C15orf48 mRNA expression and methylation level. Thereafter, the R package “survival” was used to compare the survival time and survival status of the two groups. The pan-cancer C15orf48 SNV data were visualized using the R package “maftools”. In addition, we assessed the pan-cancer C15orf48 CNV data and its association with pan-cancer prognosis. We also assessed the correlation of C15orf48 with pan-cancer TMB and MSI and the correlation between C15orf48 and 44 marker genes of three classes of RNA modifications (m1A, m5C, and m6A).




2.3 Association between C15orf48 and pan-cancer immune cell infiltration and immunotherapy response

The stromal, immune, and ESTIMATE scores of each tumor sample were calculated according to C15orf48 expression, using the R package “Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data” (ESTIMATE) v1.0.13 (24). We used 5 algorithms, including single-sample Gene Set Enrichment Analysis (ssGSEA), Cell-type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT), Tumor IMmune Estimation Resource (TIMER), Estimating the Proportion of Immune and Cancer cells (EPIC), and Microenvironment Cell Populations (MCP)-counter, to determine the correlation between C15orf48 and pan-cancer ICI. We also evaluated the response of C15orf48 high- and low-expression groups to programmed cell death protein 1 (PD-1) and cytotoxic T-lymphocyte associated protein 4 (CTLA4) immunotherapy (25) from the Cancer Immunome Atlas data (TCIA, https://tcia.at/home).



2.4 Immunological characteristics, functional enrichment, and subtype characteristics of C15orf48 in THCA

Based on a study by Charoentong et al. (25), we obtained 122 immune modulators and evaluated their correlation with C15orf48 mRNA expression in THCA. The anti-cancer immune state reflects the various activities of the cancer immune cycle. We used the Tracking Tumor Immunophenotype (TIP) database (http://biocc.hrbmu.edu.cn/TIP/) to assess the anti-cancer immune status at 7 different stages of the tumor immune cycle, including the release of cancer cell antigens (step 1), cancer antigen presentation (step 2), priming and activation (step 3), trafficking of immune cells to tumors (step 4), ICI in tumors (step 5), recognition of cancer cells by T cells (step 6), and killing of cancer cells (step 7) (26). We used 7 algorithms, including CIBERSORT under absolute mode (CIBERSORT-ABS), MCP-counter, quantification of the Tumor Immune contexture from human RNA-seq data (quantIseq), TIMER, xCell, EPIC, and Tumor-Immune System Interactions database (TISIDB, http://cis.hku.hk/TISIDB/index.php), to calculate the level of ICI of C15orf48 in THCA. The list of genes for the immune process was obtained from the AmiGO 2 portal (http://amigo.geneontology.org/amigo). The correlation between C15orf48 and the immune process was determined using the R package “Gene set variation analysis” (GSVA). In addition, we also calculated the correlation between immune cell marker genes and C15orf48 in THCA.

The Search Tool for Retrieval of Interacting Genes/Proteins (STRING) database (https://string-db.org/) was used to analyze the protein interaction network of C15orf48. The differential expression of C15orf48 high- and low-expression groups in THCA was studied using the R package “Limma” v3.40.2. Furthermore, the R package “ClusterProfiler” was used for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses. In addition, we collected the gene sets from the relevant pathways (27) and calculated the correlation between gene expression and pathways according to the ssGSEA algorithm. We also evaluated the expression level of C15orf48, the immune signature, and response to immunotherapy among different THCA subtypes, such as papillary thyroid carcinoma (PTC) and follicular thyroid carcinoma (FTC).




2.5 Cell culture, real-time quantitative reverse transcription PCR, and western blotting analyses

The human THCA cell line, BHT101, was purchased from Shanghai Jinyuan Biotechnology (Shanghai, China) and cultured in the indicated medium with 10% phosphate buffer saline (PBS). The cells were incubated at 37°C and 5% CO2. Total RNA was extracted with TRIzol reagent (Invitrogen, USA) and reverse transcribed with random primers using Hiscipt III 1st strand cDNA synthesis kit (Vazyme, Nanjing, China) according to the manufacturer’s instructions. The following primers were used for qRT-PCR: GAPDH forward primer: 3’-GGAGCGAGATCCCTCCAAAAT-5’, reverse primer: 3’-GGCTGTTGTCATACTTCTCATGG-5’ and C15orf48 forward primer: 3’-AACTCATTCCCTTGGTGGTGTTCAT-5’, reverse primer: 3’-CTCGTCATTTGGTCACCCTTTGGAC-5’.

The cells were transfected with C15orf48 siRNA, harvested, washed thrice with PBS, and collected by centrifugation. Total protein extracts were prepared in radioimmunoprecipitation assay (RIPA) buffer supplemented with proteinase inhibitors (R0010, Solarbio). Anti-C15orf48 (NBP1-98391, Novus Biologicals) and anti-GAPDH (60004-1-Ig, Proteintech) antibodies were used for western blot analysis according to the manufacturer’s instructions. Goat anti-mouse IgG-HRP (SA00001-1, Proteintech) and goat anti-rabbit IgG-HRP (SA00001-2, Proteintech) were used as secondary antibodies. GAPDH was used as a protein loading control. The signals were visualized using the enhanced chemiluminescence (ECL) reagent (4A Biotech, China).




2.6 Cell counting kit-8 analysis

BHT101 cells transfected with C15orf48 siRNA were digested once they reached 90% confluency and inoculated into 96-well culture plates at 5000 cells/well and 5 wells/group. Thereafter, the cells were cultured in a 37°C and 5% CO2 incubator and analyzed at 0, 24, 48, and 72 h using the CCK-8 kit (WLA074, China).




2.7 Wound healing test

BHT101 cells were inoculated in 6-well plates and transfected with C15orf48 siRNA. Thereafter, the cells were scraped with a 200 μl pipette tip. The cell surface was cleaned with a serum-free medium and the cell fragments were removed. The cells were then observed and photographed under a 40× microscope and their positions in the photos were recorded. Subsequently, cells in each group were placed in a 37°C and 5% CO2 incubator for 24 and 48 h, after which they were photographed and recorded. Lastly, the mobility of each group was calculated.



2.8 Transwell migration and apoptotic assay

A 24-well Transwell chamber (8 μm aperture; Corning Costar, USA) was prepared overnight at 4°C and inoculated with 200 μl of cell suspension containing 100,000 cells/mL. A culture medium (700 μl) containing 10% fetal bovine serum was poured into the lower chamber. After 24 h of incubation at 37°C and 5% CO2, the cells were fixed using 4% paraformaldehyde at room temperature for 20 mins, stained with 0.5% crystal violet dye for 5 mins, and the cell count was recorded.

BHT101 cells were harvested and resuspended in a binding buffer. Thereafter, the cells were stained with Annexin V-FITC/PI Apoptosis Detection kit (Vazyme, Nanjing, China) according to the manufacturer’s instructions. The cells were then analyzed by flow cytometry (Cytoflex, Beckman) and the data were analyzed using CytExpert Software.



2.9 Statistical analysis

All the analysis methods and R packages were implemented using R version 4.1.0, except for the online website tools. Wilcoxon rank-sum test was used to calculate differential expression in normal and tumor samples. Univariate cox regression analysis was done with the “forestplot” R package. We used the Spearman correlation method to perform correlation analysis between C15orf48 transcript levels and immune checkpoint gene expression, TMB levels, and MSI status. Data from cell experiments were analyzed using GraphPad Prism (version 9.0.0) for Windows. All the experiments were repeated in triplicate. Student’s t-test was used to assess statistical significance. P values less than 0.05 were considered statistically significant. *p < 0.05; **p < 0.01; ***p < 0.001.





3 Results



3.1 Pan-cancer expression of C15orf48

Analysis of the HPA and GTEx datasets revealed higher expression of C15orf48 in the colon, small intestine, esophagus, and other normal tissues (Figure 1A). Additionally, C15orf48 protein expression was significantly elevated in multiple cancers (Supplementary Figures 1A, B). Furthermore, the single-cell analysis revealed cell-specific expression of C15orf48. Analysis of the HPA single-cell dataset and TISCH online dataset revealed that C15orf48 was significantly overexpressed in macrophages (Figures 1B, C). Moreover, we observed a significant enrichment of C15orf48 in macrophages in some datasets that received immunotherapy (Supplementary Figures 1C, D). Furthermore, correlation analysis between C15orf48 expression and immune cell clustering revealed that C15orf48 is a part of cluster 25 monocytes—inflammatory response with confidence 1 (Figure 1D). Moreover, analysis of the cancer cell lines revealed high expression of C15orf48 in specific cancer types, such as pancreatic cancer, kidney cancer, and colorectal cancer (Figure 1E). Additionally, analysis of the integrated TCGA and GTEx data revealed a significantly high expression of C15orf48 in multiple cancers, including THCA (Figure 1F). These results were further validated by the pan-cancer C15orf48 expression data (platform: GPL570; HG-U133_Plus_2) obtained from the Gene Expression Omnibus (GEO) database (Figure 1G).




Figure 1 | (A) Expression level of C15orf48 in normal tissues (HPA+GTEx datasets); (B) C15orf48 expression levels in single cells (HPA datasets); (C) C15orf48 expression levels in single cells (TISCH datasets); (D) C15orf48 is part of cluster 25 Monocytes - Inflammatory response; (E) Expression levels of C15orf48 in cancer cell lines (CCLE datasets); (F) Differences in the expression of C15orf48 between normal and cancerous tissues (TCGA+GTEx datasets); (G) Differences in the expression of C15orf48 between normal and cancerous tissues (GEO datasets). *p < 0.05; **p < 0.01; ***p < 0.001; NS, No Significance.






3.2 C15orf48 is an independent prognostic factor for glioma

Pan-cancer prognostic analysis revealed that C15orf48 was significantly associated with the prognosis of multiple cancers (Figure 2A). Specifically, high expression of C15orf48 was significantly associated with shorter overall survival (OS), progression-free survival (PFS), disease-specific survival (DSS), and disease-free interval (DFI) in low-grade gliomas (LGGs) (Figures 2B–E). Furthermore, high expression of C15orf48 was significantly associated with shorter OS and DSS in liver hepatocellular carcinoma, lung adenocarcinoma, and pancreatic adenocarcinoma (PAAD) (Supplementary Figure 2A). In addition, varying degrees of prognostic correlations were also observed in head and neck squamous cell carcinoma, skin cutaneous melanoma, BRCA, colon adenocarcinoma, mesothelioma, and prostate adenocarcinoma (PRAD) (Supplementary Figure 2A). Considering its significant association with glioma prognosis, we further evaluated the clinical significance of C15orf48 in glioma. The results showed that C15orf48 was significantly enriched in high-grade glioma, non-1p/19q deletion state, wild-type, and non- O (6)-methylguanine-DNA-methyltransferase (MGMT) promoter methylated samples in both TCGA and CGGA datasets (Supplementary Figure 2B). These results indicated that C15orf48 was highly enriched in more malignant gliomas. In addition, we combined the clinical and expression data of TCGA-glioblastoma multiforme (GBM) and TCGA-LGG and then evaluated the association between C15orf48 gene expression and patient survival time and survival status. The results showed that glioma patients with high C15orf48 expression had a significantly higher mortality rate with the 1-, 2-, and 3-y mortality prediction areas under the curve (AUC) values of 0.822, 0.801, and 0.804, respectively (Figures 2F–H). These results were further validated using the CGGA database (Figures 2I–K). Lastly, univariate and multivariate cox regression analysis of TCGA and CGGA datasets revealed that C15orf48 can serve as an independent prognostic factor for glioma (Tables 1, 2).




Figure 2 | (A) Prognosis of C15orf48 in pan-cancer; (B-E) High expression of C15orf48 was significantly correlated with shorter OS, DSS, PFS, and DFI of LGG; (F-H) Relationship between C15orf48 expression and glioma prognosis score, survival analysis and ROC analysis (TCGA-GBMLGG datasets); (I–K) Relationship between C15orf48 expression and glioma prognosis score, survival analysis and ROC analysis (CGGA325 datasets).




Table 1 | Univariate and multivariate analyzes of OS prognostic parameters in the TCGA database.




Table 2 | Univariate and multivariate analyzes of OS prognostic parameters in the CGGA database.






3.3 Pan-cancer epigenetic variations of C15orf48

We further explored the methylation levels of C15orf48 to determine its epigenetic regulation. As shown in Figure 3A, C15orf48 exhibits differential methylation levels in various cancer and normal tissues. Furthermore, the methylation level of C15orf48 was negatively correlated with its mRNA expression to varying degrees in all cancers (Supplementary Figure 3A). Somatic mutations of C15orf48 were primarily missense mutations and the overall somatic mutation rate of C15orf48 was <1%, with the highest mutation rate in rectum adenocarcinoma (READ, 0.76%) (Figure 3B). The CNV of C15orf48 in different tumors was highly heterogeneous (Figure 3C), among which we analyzed both homozygous and heterozygous deletions and amplification. The results showed that heterozygous amplification was prevalent in kidney chromophobe (KICH) and testicular germ cell tumors (TGCT), while heterozygous deletion was prevalent in uterine carcinosarcoma, READ, LUAD, and ovarian serous cystadenocarcinoma. Moreover, the prognostic analysis showed that a high methylation level of C15orf48 was significantly associated with shorter OS, PFS, and DSS in adenoid cystic carcinoma, whereas, a low methylation level of C15orf48 was significantly associated with the poor prognosis of esophageal carcinoma (ESCA), kidney renal clear cell carcinoma (KIRC), acute myeloid leukemia, LGG, and PRAD (Figure 3D; Supplementary Figure 3B). In addition, deletion mutation of C15orf48 was significantly associated with poor prognosis of KIRC, sarcoma (SARC), and THCA, while amplification of C15orf48 was significantly associated with poor prognosis of LGG and uterine corpus endometrial carcinoma (Figure 3E; Supplementary Figure 3C). TMB and MSI are closely associated with clinical treatment and tumor markers. The expression of C15orf48 was significantly correlated with TMB in ESCA, PAAD, LGG, SARC, THCA, etc. (Figure 3F) and significantly correlated with MSI in ESCA, PAAD, SARC, LGG, etc. (Figure 3G). Furthermore, marker genes of C15orf48 and RNA modification showed different degrees of correlation in different cancers (Figure 3H).




Figure 3 | (A) Differential methylation levels of C15orf48 in normal and tumor tissues in pan-cancer; (B) Somatic mutation levels of C15orf48 in pan-cancer; (C) Copy number variation levels of C15orf48 in pan-cancer; (D) The relationship between methylation of C15orf48 and prognosis in pan-cancer; (E) The relationship between copy number variation of C15orf48 and prognosis in pan-cancer; (F) Relationship between C15orf48 and tumor mutational burden in pan-cancer; (G) Relationship between C15orf48 and microsatellite instability in pan-cancer; (H) Correlation between C15orf48 and RNA-modifying genes in pan-cancer. *p < 0.05; **p < 0.01; ***p < 0.001.






3.4 Association between C15orf48 and pan-cancer ICI and immunotherapy response

C15orf48 has a strong positive correlation with immune cells and stromal cells in several cancers, including TGCT, GBM, THCA, etc. (Figure 4A) and with ICPs in TGCT, THCA, KICH, etc. (Figure 4B). Several algorithms, including ssGSEA (Figure 4C), CIBERSORT, TIMER, EPIC, and MCP-counter (Supplementary Figures 4A–D), were used to assess the association of C15orf48 with pan-cancer ICI, and the results revealed that C15orf48 is positively correlated to various levels of ICI in THCA, KICH, TGCT, etc. In addition, C15orf48 was significantly positively correlated with the infiltration scores of major histocompatibility complex (MHC) and effector cells in TGCT, THCA, and SARC, while it was significantly negatively correlated with the infiltration scores of ICPs and immunosuppressive cells (Supplementary Figure 4E).




Figure 4 | (A) Correlation between C15orf48 and tumor purity, stromal, immune, and ESTIMATE scores in pan-cancer; (B) Correlation between C15orf48 and immune checkpoints in pan-cancer; (C) Correlation between C15orf48 and immune cell infiltration in pan-cancer (ssGSEA); (D) Correlation between C15orf48 and immunotherapy response in pan-cancer; (E) Box plots show the C15orf48 expression differences between responders and non-responders, and ROC presents the predictive accuracy of patient therapeutic response by C15orf48 levels on the ROCplotter online website. *P < 0.05; **P < 0.01; ***P < 0.001.



Furthermore, we determined the effect of C15orf48 on pan-cancer immunotherapy response. Immunophenoscore (IPS) was used to evaluate the immunotherapy response between the C15orf48 high- and low-expression groups (25), and the results revealed that the C15orf48 high-expression group showed strong immunogenicity upon receiving PD-1, CTLA4, and combination therapy (Figure 4D). In addition, we further evaluated the predictive role of C15orf48 on cancer therapy response using the ROC Plotter database (https://www.rocplot.org/) (28), and the results revealed that C15orf48 was highly expressed in BRCA patients responding to chemotherapy and the AUC value of 5-y recurrence-free survival (RFS) reached 0.645. Moreover, in patients receiving taxane treatment, the AUC of 5-y RFS reached 0.81 (Figure 4E).




3.5 Immunological characteristics, functions, and subtype distribution of C15orf48 in THCA

We observed a strong positive association between C15orf48 and multiple immune modulators (Figure 5A). Some key monocyte/macrophage chemokines (CCL7, CCL22, etc.) were upregulated in the C15orf48 high-expression group, promoting inflammatory response and monocyte/macrophage phagocytosis in THCA. Additionally, a large number of MHC molecules were significantly upregulated in THCA in the C15orf48 high-expression group, indicating strong antigen presentation and processing capabilities. Moreover, we observed that the C15orf48 high-expression group has a stronger anti-cancer immune status in most immune cycle steps, including priming and activation (step 3), trafficking of immune cells to tumors (step 4), ICI in tumors (step 5), and killing of cancer cells (step 7) (Figure 5B). The stronger immune status of the C15orf48 high-expression group may further enhance ICI in the THCA-TME. Furthermore, we observed that C15orf48 expression was negatively correlated with the recognition of cancer cells by T cells (step 6), suggesting that the high expression of C15orf48 may reduce the recognition-ability of T cell receptors. The analysis of ICI level showed that in most algorithms, C15orf48 was positively correlated with 5 types of ICIs, including CD8+ T cell, NK cell, and macrophage infiltrations (Figure 5C). Expression abundance analysis revealed a significant positive correlation between C15orf48 and marker genes of these infiltrating cells (Figure 5E), especially macrophages (CD11B and CD45) (Figure 5F). In addition, C15orf48 was also strongly positively correlated with multiple ICPs in THCA (Figure 5G). Moreover, GSVA analysis showed that C15orf48 was significantly correlated with several immune processes, including immune response against tumor cells, cytokine production, and T cell-mediated immune response in THCA (Figure 5D).




Figure 5 | (A) Correlation between C15orf48 and 122 immune modulators (chemokines, receptors, MHC and immunostimulants) in THCA; (B) Differences in the various steps of the cancer immunity cycle between high- and low-C15orf48 groups; (C) Seven algorithms evaluate the correlation between C15orf48 and immune cell infiltration in THCA; (D) GSVA assesses the relevance of C15orf48 to some immune pathways; (E) Differences in the effector genes of the tumor-associated immune cells between high- and low-C15orf48 groups; (F) Correlation between C15orf48 and macrophage marker genes in THCA; (G) Correlation between immune checkpoints and C15orf48 in THCA. *p < 0.05; **p < 0.01; ***p < 0.001; NS, No Significance.



Furthermore, we explored the functions of C15orf48 in THCA using protein interaction and gene expression data. C15orf48 protein interaction data was obtained from the STRING database (Figure 6A). Differential gene expression analysis identified a total of 235 upregulated and 89 downregulated genes in THCA (Figure 6B). GO enrichment analysis revealed that the differentially expressed genes (DEGs) were primarily enriched in cell adhesion, transmembrane movement, and immune-related activities, while KEGG enrichment analysis revealed that the DEGs were enriched in PI3K-Akt signaling and cytokine interaction pathways (Figure 6C). Pathway analysis showed that C15orf48 had a significant positive correlation with inflammatory response, apoptosis, P53 pathway, ferroptosis, etc. and a significant negative correlation with nitrogen metabolism (Figure 6E). Considering that the apoptosis gene set includes pro-apoptotic genes and apoptosis-inhibiting genes, we analyzed the correlation between each apoptosis-related gene and C15orf48. The results showed that C15orf48 was significantly positively correlated with multiple anti-apoptotic factors including baculoviral IAP repeat containing 3 (BIRC3) and B-cell CLL/lymphoma 2 like 1 (BCL2L1), and significantly negatively correlated with pro-apoptotic factors such as caspase 9 (CASP9) and programmed cell death 4 (PDCD4) (Supplementary Figure 5C). Considering the high correlation between C15orf48 and ferroptosis, we assessed the correlation between C15orf48 and 484 ferroptosis-related genes, obtained from the FerrDB database (http://www.zhounan.org/ferrdb/current/) (29). The results showed that 322 genes were significantly differentially expressed, among which 68 genes were significantly positively correlated with C15orf48 (35 driver genes, 2 marker genes, and 31 repressor genes) (Figures 6D, F). In addition, we analyzed the co-expression of C15orf48 using Co-essentiality (http://coessentiality.net/) (30), and the results revealed the presence of 56 neighborhood genes of C15orf48, which were primarily enriched in lipid and amino acid metabolism (Supplementary Figures 5A, B).




Figure 6 | (A) The protein interaction network of C15orf48; (B) Volcano map of differential genes in C15orf48 high and low expression groups; (C) GO and KEGG functional enrichment analysis; (D) Correlation between C15orf48 and ferroptosis-related genes in THCA; (E) Correlation between C15orf48 and some pathways in THCA; (F) Expression of ferroptosis-related genes positively correlated with C15orf48 in THCA.



Subtype analysis showed that C15orf48 was significantly enriched in PTC. The ROC curve revealed the expression specificity of C15orf48 in PTC subtypes, with the AUC value of 70.9% (P <0.0001) (Figures 7A, B), suggesting that C15orf48 may serve as a potential biomarker of PTC subtypes. In addition, compared with FTC, PTC subtypes had higher immune scores (Figure 7C), and ICI analysis showed that C15orf48 in the PTC group had a significant correlation with various immune cells (Figure 7D). The correlation of C15orf48 with ICPs was higher in the PTC group (Figures 7E, F), thus compared with the FTC group, the PTC C15orf48 high-expression group benefited more from ICB (ICP blockade) treatment (Figure 7I). Furthermore, we assessed the association of C15orf48 with ferroptosis genes in both the subtypes and found a relatively higher correlation between C15orf48 and ferroptosis in the PTC group (Figures 7G, H).




Figure 7 | (A) Expression levels of C15orf48 in THCA subtypes; (B) ROC curves reveal high expression specificity of C15orf48 in PTC subtypes; (C) The immune scoring results of different subtypes of THCA (TIMER); (D) Correlation between C15orf48 and immune cell infiltration in different THCA isoforms; (E) Correlation between C15orf48 and immune checkpoints in PTC subtypes; (F) Correlation between C15orf48 and immune checkpoints in FTC subtypes; (G) Correlation between C15orf48 and ferroptosis-related genes in PTC subtypes; (H) Correlation between C15orf48 and ferroptosis-related genes in FTC subtypes; (I) Immunotherapy response results of two subtypes of THCA. *P < 0.05; **P < 0.01; ***P < 0.001, ns, no significance.






3.6 Effects of C15orf48 on proliferation, migration, and apoptosis of THCA cells

We first analyzed the CCLE data and observed that C15orf48 expression was the highest in BHT101 cells (Figure 8A). Therefore, BHT101 cells were selected for subsequent experiments. We transfected BHT101 cells with two siRNA knockout vectors and conducted RT-PCR and western blot analyses. The results revealed that compared with the control group, the expression of mRNA and protein expression in the transfected group were lower, with siRNA1 showing higher knockout efficiency (Figures 8B, C). Therefore, siRNA1 was selected for subsequent experiments. The CCK-8 analysis after siRNC and siRNA1 transfection revealed that the proliferation ability of cells was significantly reduced after 24 h of C15orf48 knockout (siRNC: 0.62 ± 0.020, siRNA1: 0.50 ± 0.002) (Figure 8D). Additionally, the healing and migration abilities of the BHT101 cells were significantly weakened after C15orf48 knockout, as revealed by the cell scratch and Transwell assays, respectively (Figures 8E, F). Lastly, the apoptosis assay showed that the knockdown of C15orf48 significantly increased the rate of apoptosis of BHT101 cells (siRNC: 25.34 ± 2.624, siRNA1: 34.53 ± 2.278) (Figures 8G, H).




Figure 8 | Effect of C15orf48 knockdown on THCA cell line BHT101, all experiments were performed in triplicate. (A) Expression levels of C15orf48 in different THCA cell lines; (B) RT-PCR verification of the knockout efficiency of C15orf48 in BHT101 cells; (C) The knockout efficiency of C15orf48 in BHT101 cells was verified by Western blot, and the figure below shows the statistical difference analysis of three repeated experiments; (D) CCK8 assay to analyze the effect of knocking out C15orf48 on cell proliferation; (E) Analysis of the effect of knocking out C15orf48 on cell healing ability by cell scratch test; (F) Transwell assay to analyze the effect of knocking out C15orf48 on cell migration; (G) Analysis of cell apoptosis changes by flow cytometry; (H) The percentage of apoptotic cells in the two groups. *P < 0.05; **P < 0.01; ***P < 0.001.







4 Discussion

Mitochondrial dysfunction is a hallmark of immune-mediated inflammatory diseases (31). C15orf48, as part of complex IV of the mitochondrial respiratory chain, is important in the inflammatory response. Clayton et al. demonstrated that the expression of C15orf48 is a conserved response to inflammatory signals and occurs in multiple inflammation-related pathways (18). Significant upregulation of C15orf48 was observed in both rheumatoid arthritis and COVID-19 and was associated with the expression of related macrophage subsets (18). Chronic inflammation is critical for promoting tumor development and drug resistance (32). Specifically, chronic inflammation is associated with immunosuppression. Therefore, it provides a favorable microenvironment for tumor occurrence, development, and metastasis (33). In addition, treatment-induced chronic inflammation contributes to treatment resistance and cancer progression. The inflammatory TME is a key determinant of the efficacy of conventional chemotherapy (radiotherapy and chemotherapy) and immunotherapy (34, 35). However, there is limited information about the role of C15orf48 in tumors.

In our study, we evaluated the pan-cancer expression level of C15orf48 and found that it was significantly upregulated in most tumors, possibly owing to its association with the inflammatory response. Furthermore, the single-cell analysis revealed its immune cell-specific expression in macrophages, suggesting its role in promoting monocyte/macrophage phagocytosis in tumors. Survival analysis showed that C15orf48 was significantly correlated with OS, PFS, DSS, and DFI of multiple cancers, especially glioma. Further univariate and multivariate analyzes revealed that C15orf48 can serve as an independent prognostic factor for glioma. Furthermore, C15orf48 was significantly enriched in malignant gliomas, suggesting its role in promoting the malignant development of gliomas. Altogether, these results illustrate the importance of C15orf48 in tumorigenesis and prognosis. Spisák et al. observed a significant downregulation of C15orf48 methylation in colon cancer tumors (14). Furthermore, analysis of TCGA methylation data revealed the pan-cancer epigenetic changes of C15orf48 and found that the methylation level of C15orf48 was downregulated in multiple cancers, including THCA and kidney cancer. Moreover, we observed a significant negative correlation between C15orf48 methylation levels and mRNA expression in most cancers, suggesting that the methylation level of C15orf48 mediates their abnormal expression, which may play an important role in cancer progression. Furthermore, CNV analysis revealed that the frequency of copy number alterations in the C15orf48 gene was highly heterogeneous. CNV is an important part of genome structural variation, affecting the expression of protein-coding and non-coding genes and the activity of various signaling pathways. More importantly, aberrant methylation of C15orf48 and CNVs leads to poor prognosis in multiple cancers, and it is suggested that epigenetic changes of C15orf48 may promote the progression of some cancers. The TME is critical in the immune response of cancer patients, and the level of ICI is significantly correlated with tumor development (36, 37). The results of the immune analysis showed that C15orf48 was significantly associated with the immune response of THCA, TGCT, LIHC, etc. In addition, C15orf48 was significantly associated with immunotherapy response in several cancers and may serve as a potential target for immunotherapy. Considering that high expression of C15orf48 is associated with higher anticancer immunity but negatively correlated with T cell immunity. Thus, if C15orf48 is targeted in mouse models, increased anticancer immunity but decreased T cell immunity may be observed. In human beings, researchers may observe a similar phenomenon, although the magnitude of the effect may be different. However, this requires further research to understand the potential effects of targeting C15orf48 on both anti-cancer immunity and T cell immunity in human beings.

In China, the incidence of THCA has increased the most in recent years (38). Considering the abnormal expression of C15orf48 in THCA and its strong correlation with the immune response, we focused on analyzing the role of C15orf48 in THCA. C15orf48 was significantly associated with multiple immune modulators, especially some chemokines and MHC molecules. Some chemokines recruit immunosuppressive cells, including macrophages and myeloid-derived suppressor cells, to the TME to create an immunosuppressive but pro-tumor environment, thereby undermining the efficacy of immunotherapies, such as anti-PD1. These results underscore the strong association of C15orf48 with immune responses in THCA. Anti-cancer immune status comprehensively reflects the outcome of immune regulation in the TME. We observed a significant positive correlation between C15orf48 and several steps of the cancer immune cycle. For example, macrophage and monocyte recruitment were significantly increased in the C15orf48 high-expression group, which may be due to a significant increase in macrophage infiltration. In addition, C15orf48 expression was significantly negatively correlated with the recognition of cancer cells by T cells (step 6), which may be due to the significantly high expression of multiple inhibitory ICPs in THCA in the C15orf48 high-expression group. It also suggests that the high expression of C15orf48 may reduce the recognition ability of T cell receptors. The overexpression of inhibitory ICPs, such as PD-1/PD-L1, in the C15orf48 high-expression group, may form a persistent inflammatory TME (39). These results indicate that ICB treatment may be effective for the C15orf48 high-expression group, but not the low-expression group. Pathway analysis showed that C15orf48 was significantly associated with various pathways, such as apoptosis, P53 pathway, and ferroptosis, which are critical in cancer development and immunotherapy (40, 41).

Subtype studies have revealed heterogeneity among the different subtypes in THCA. Our results revealed that C15orf48 was highly expressed in PTC and could potentially serve as a biomarker for PTC. PTC is derived from the acinar cells of the thyroid gland, accounting for more than 80% of THCA, and has a relatively low malignancy, while FTC is more aggressive, with more common distant metastasis and vascular invasion (42–44). Immune scoring reveals specific immune signatures among different subtypes. C15orf48 was involved in several immune responses in PTC and was significantly associated with multiple ICPs and ICI. In vitro experiments revealed that C15orf48 knockout significantly reduced the proliferation, migration, and apoptosis abilities of BHT101 cells. Based on these results, we speculate that the C15orf48-related apoptosis may be the mitochondrial/cytochrome c-mediated apoptosis pathway; however, further experimental studies are required to verify this hypothesis.

In conclusion, the results of our study revealed that C15orf48 is a potential tumor prognostic biomarker and immunotherapy target. We found that the pan-cancer epigenetic alterations of C15orf48 are highly heterogeneous and that aberrant methylation and copy number variation of C15orf48 is associated with poor prognosis in several cancers. We also found that C15orf48 was significantly associated with macrophage infiltration and multiple ICPs in THCA and can serve as a potential biomarker for PTC. Lastly, we found that in vitro knockdown of C15orf48 reduced the proliferation, migration, and apoptosis abilities of the THCA cell line. Our study still has some limitations. First of all, our immunological research on C15orf48 is only limited to bioinformatics analysis, lacking corresponding laboratory data. Second, the research on THCA is not deep enough, and there is a lack of specific mechanism studies, and more in-depth studies are needed to provide more insights. The findings of our study may help to understand the role of C15orf48 in pan-cancer tumorigenesis and progression, especially in THCA, and provide the basis for further immunotherapy research
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Background

Colorectal cancer (CRC) is among the most common malignant cancers worldwide, and its development is influenced by inflammation, nutrition, and the immune status. Therefore, we combined C-reactive protein (CRP), albumin, and lymphocyte, which could reflect above status, to be the CRP-albumin-lymphocyte (CALLY) index, and evaluated its association with overall survival (OS) in patients with CRC.





Methods

The clinicopathological and laboratory characteristics of 1260 patients with CRC were collected from the Investigation on Nutrition Status and Clinical Outcome of Common Cancers (INSCOC) study. Cox regression analysis was performed to assess the association between the CALLY index and OS. A nomogram including sex, age, the CALLY index and TNM stage was constructed. The Concordance Index (C-index) was utilized to evaluate the prognostic value of the CALLY index and classical CRC prognostic factors, such as modified Glasgow prognostic score (mGPS), neutrocyte to lymphocyte ratio (NLR), systemic immune inflammation index (SII), and platelet to lymphocyte ratio (PLR), as well as to assess the prognostic value of the nomogram and TNM stage.





Results

Multivariate Cox regression analyses demonstrated that the CALLY index was independently associated with OS in patients with CRC [Hazard ratio (HR) = 0.91, 95% confidence interval (CI) = 0.87-0.95, P<0.001]. The CALLY index showed the highest prognostic value (C-index = 0.666, 95% CI = 0.638-0.694, P<0.001), followed by mGPS, NLR, SII, and PLR. The nomogram demonstrated higher prognostic value (C-index = 0.784, 95% CI = 0.762-0.807, P<0.001) than the TNM stage.





Conclusion

The CALLY index was independently associated with OS in patients with CRC and showed higher prognostic value than classical CRC prognostic factors. The nomogram could provide more accurate prognostic prediction than TNM stage.





Keywords: colorectal cancer, prognosis, inflammation, nutrition, immune





Introduction

Colorectal cancer (CRC) is one of the most common malignant cancers worldwide and its incidence has been increasing in recent years, posing a significant threat to human health (1, 2). Previous studies have identified several prognostic factors, including neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), systemic immune inflammation index (SII), and modified Glasgow prognostic score (mGPS) (3–5). However, due to their limitations, these factors alone may not provide enough prognostic information to improve survival prediction or select effective treatment strategies. To improve outcomes for patients with CRC, better predictive factors are needed to guide therapy decisions.

Previous studies have shown that the development of CRC is influenced by numerous factors, including the inflammation level, nutritional status, and immune function. The cancer-associated systemic inflammatory response is a critical indicator of tumor progression, and patients with CRC and higher levels of inflammation have a higher risk of death than those with lower levels of inflammation (4, 6). Nutritional status also plays an important role in the prognosis of patients with CRC, with several studies indicating that poor nutrition is linked to poorer overall survival (OS) for patients with CRC (7–9). In addition, good immune function is the main defense against CRC progression. It has been reported that the prognosis of patients with CRC and poor immune function is far worse than that of those with good immune function. Based on the above theories and studies, we believe that an indicator that comprehensively reflects the level of inflammation, nutritional status, and immune function could better predict the prognosis of patients with CRC.

In clinical and past studies, hematological indicators are often used to reflect the inflammation level, nutritional status and immune function of patients with CRC. First, C-reactive protein (CRP) is a common clinical indicator that can reflect the inflammatory levels of patients with CRC (10). Second, serum albumin has been used as an index of nutritional status in clinics for decades (11). Third, lymphocyte count is a traditional biomarker that reflects immune function (12). Finally, we have found that the CRP-albumin-lymphocyte (CALLY) index (a parameter developed by Hiroya Iida et al.) combines CRP, albumin, and lymphocyte, and is a prognostic factor for patients with liver cancer (13).

In this study, we explored the association between the CALLY index and the prognosis of patients with CRC. To determine the superiority and necessity of the CALLY index, we compared its prognostic value to that of classical CRC prognostic factors such as NLR, PLR, SII, and mGPS. Additionally, based on the sex, age, the CALLY index and TNM stage, we developed a nomogram model. We believe that the nomogram could complement the limitations of TNM stage and provide a more accurate prognostic prediction.





Methods




Study population

The main methods, results and a specific description of the Investigation on Nutrition Status and Clinical Outcome of Common Cancers (INSCOC) study have been published previously (14). Between January 1, 2012, and October 31, 2020, the INSCOC study enrolled patients who met the inclusion criteria, which included being at least 18 years of age, having a pathological diagnosis of cancer, providing written informed consent, and maintaining consciousness throughout the study. Patients with acquired immune deficiency syndrome, mental or cognitive impairment, or who were organ transplant recipients were excluded from participation. Cases in which patients required more than two hospitalizations during the study were considered single cases.

This was a purely observational study on patients with cancer, without any assignment or intervention. Written informed consent was obtained from all subjects and/or their legal guardians for study participation. The Medical Ethical Review Committees and Institutional Review Boards of the participating registered hospitals approved this study. This study conformed to the Declaration of Helsinki. The study was registered with the Chinese Clinical Trial Registry (http://www.chictr.org.cn) on December 24, 2018 (registration number: ChiCTR1800020329).

From the INSCOC study, 1396 patients with CRC were enrolled into this study. A total of 136 patients without data on critical variables, including age (23 patients), CRP levels (52 patients), lymphocyte counts (27 patients), and serum albumin levels (24 patients) were excluded from the study (Figure 1). Ultimately, 1,260 patients were included in this study.




Figure 1 | Procedures for selection of study participants with CRC from the INSCOC study. CRC, colorectal cancer; INSCOC, Investigation on Nutrition Status and Clinical Outcome of Common Cancers; CRP, C-reactive protein.







Patient characteristics and outcomes

Data on the following demographic and clinicopathological features were collected within 48 h of admission: sex, age, height, weight, smoking status, alcohol consumption, TNM stage, Karnofsky performance status score (KPS), scored patient-generated subjective global assessment (PG-SGA), neutrocyte counts, lymphocyte counts, platelet counts, serum albumin levels, CRP levels, serum creatinine (Scr) levels, blood urea nitrogen (Bun) levels, total cholesterol (Tchol) levels, triglyceride levels, high-density lipoprotein cholesterol (HDL-C) levels, low-density lipoprotein cholesterol (LDL-C) levels, fasting blood glucose (FBG) levels, total bilirubin (Tbil) levels, direct bilirubin (Dbil) levels, aspartate transferase (AST) levels and alanine aminotransferase (ALT) levels. The standard for smoking and drinking were defined as smoking >20 cigarettes in a lifetime and drinking regularly over the past year, respectively. TNM staging followed the guidelines of the American Joint Committee on Cancer. The laboratory tests were performed using the same protocol and reference range nationwide in China. The primary endpoint was patient death due to any reason.

The criteria of mGPS were presented in Supplemental Table 1. The method of calculating the CALLY index, NLR, PLR and SII were as follows (13):

	

	

	

	





Statistical analysis

Data were presented as simple percentages or as medians with interquartile ranges (IQRs). Fisher’s exact test or chi-square tests were used to assess baseline characteristics. Student’s t-tests were used to analyze continuous variables with normal distributions, while the Mann-Whitney test was used for continuous variables with non-normal distributions.

Receiver operating characteristic (ROC) curve was used to determine the cut-off point of the CALLY index, which was 1.47 (Supplemental Figure 1). Univariate and multivariate Cox proportional hazards regression models were used to calculate hazard ratios (HR) and their 95% confidence intervals (CI) for each variable in three models (Models 1, 2, and 3). Model 1 was not adjusted for any covariates. Model 2 was adjusted for sex, age, BMI, and TNM stage. Model 3 was adjusted for sex, age, BMI, TNM stage, smoking status, alcohol consumption, KPS and PG-SGA.

Stratified analysis was conducted in each stratifications and sensitivity analysis was conducted after excluding patients with a survival time of less than 1 year to confirm the stability of the association between the CALLY index and OS. Interaction analysis was used to evaluate the interaction between the CALLY index and covariates. Correlation analysis was used to evaluate the relationship between the CALLY index and classical CRC prognostic factors (NLR, PLR, SII and mGPS).

Concordance Index (C-index) and area under the ROC curve (AUC) were used to evaluate the prognostic value of the CALLY index and classical CRC prognostic factors (NLR, PLR, SII and mGPS). C-index, AUC and time-dependent ROC were used to evaluate the prognostic value of the nomogram and TNM stage.

A P value less than 0.05 was considered statistically significant. All statistical analyses were performed using R software, version 4.1.1.






Results




Patient characteristics

Of all the patients, the median age was 60 years (IQR, 52 to 67 years); the median BMI was 22.58 kg/m2 (IQR, 20.55 to 24.84 kg/m2); the median CALLY index was 1.35 (IQR, 0.27 to 2.82). 60.9% (767/1260) of the patients were men. 5.6% (71/1260), 20.6% (259/1260), 35.1% (442/1260) and 38.7% (488/1260) of the patients were in stage I, II, III, and IV, respectively. Compared to patients with low CALLY index, patients with high CALLY index had higher proportion of male, TNM stage IV, smoker and drinker, lower proportion of TNM stage I, II and III, older age, higher PG-SGA, neutrocyte counts and platelet counts, and lower BMI, KPS, TC levels, triglyceride levels, HDL-C levels and LDL-C levels. The baseline characteristics were summarized in Table 1.


Table 1 | Characteristics of all patients, patients with high and low CALLY index.







Prognostic role of the CALLY index

Univariate and multivariate Cox regression analyses indicated that the CALLY index was negatively related to the risk of death (Supplemental Figure 2). Patients with high CALLY index had a lower death risk (HR = 0.45, 95% CI = 0.36-0.56, P <0.001) compared to those with low CALLY index (Table 2, Supplemental Figure 3). When the CALLY index was divided into 4 quartiles (1st quartile: CALLY index<0.27; 2nd quartile: 0.27≤ CALLY index<1.35; 3rd quartile: 1.35≤ CALLY index<2.82; 4th quartile: CALLY index ≥2.82), patients in the 2nd quartile (HR = 0.69, 95% CI =0.53-0.88, P = 0.004), 3rd quartile (HR = 0.46, 95% CI =0.34-0.61, P<0.001), and 4th quartile (HR = 0.32, 95% CI = 0.23-0.45, P<0.001) had a significantly lower risk of death compared to those in the 1st quartile (Table 2).


Table 2 | Associations between the CALLY index and OS in patients with CRC.







Stratified, interaction, sensitivity and correlation analyses

Results of stratified analysis suggested that the association between the CALLY index and OS was stable in various stratifications, which were divided by the covariates such as sex (men vs. women), age (less than 65 years vs. 65 years or more), BMI (less than 24 kg/m2 vs. 24 kg/m2 or more), smoking status (Yes vs. No), alcohol consumption (Yes vs. No), PG-SGA (less than 4 vs. 4 or more), tumor stage (I/II/III vs. IV) and KPS (less than 90 vs. 90 or more) (Figure 2). None of the above covariates had an interaction with the CALLY index (all P for interaction >0.050).




Figure 2 | Association between the CALLY index and OS in patients with CRC in different stratifications including sex (men vs. women), age (less than 65 years vs. 65 years or more), BMI (less than 24 kg/m2 vs. 24 kg/m2 or more), smoking status (Yes vs. No), alcohol consumption (Yes vs. No), PG-SGA (less than 4 vs. 4 or more), tumor stage (I/II/III vs. IV), and KPS (less than 90 vs. 90 or more). Models were adjusted for sex, age, BMI, smoking status, alcohol consumption, TNM stage, KPS and PG-SGA, but not adjusted for the stratification variable. HR, Hazard ratio; CI, confidence interval; BMI, body mass index; KPS, Karnofsky performance status score; PG-SGA, Scored Patient-Generated Subjective Global Assessment; CALLY, C-reactive protein-albumin-lymphocyte; OS, overall survival; CRC, colorectal cancer.



After excluding patients with a survival time of less than one year, the results of sensitivity analysis showed that a higher CALLY index was significantly associated with a lower risk of death (HR = 0.92, 95% CI =0.88-0.96, P<0.001) (Supplemental Table 2). Results of correlation analysis showed low correlation between the CALLY index and classical CRC prognostic factors [NLR (r = -0.207), PLR (r = -0.211), SII (r = -0.218) and mGPS (r = -0.333)] (Supplemental Figure 4).





Prognostic value of the CALLY index and classical CRC prognostic factors (NLR, PLR, SII and mGPS)

As shown in Figure 3, the CALLY index showed the highest prognostic value for patients with CRC, followed by mGPS, NLR, SII and PLR. The C-indices of the CALLY index (C-index = 0.666, 95% CI = 0.638-0.694), mGPS (C-index = 0.623, 95% CI = 0.596-0.650, P<0.001), NLR (C-index = 0.614, 95% CI = 0.584-0.644, P = 0.001), SII (C-index = 0.611, 95% CI = 0.582-0.641, P = 0.001) and PLR (C-index = 0.565, 95% CI = 0.534-0.597, P<0.001) were presented in Supplemental Table 3.




Figure 3 | AUC of the CALLY index and classical CRC prognostic factors in patients with CRC. AUC, area under the ROC curve; ROC, receiver operating characteristic; CALLY, C-reactive protein-albumin-lymphocyte; CRC, colorectal cancer; mGPS, modified Glasgow prognostic score; NLR, neutrocyte to lymphocyte ratio; SII, systemic immune inflammation index; PLR, platelet to lymphocyte ratio.







Evaluation of the nomogram

Sex, age, the CALLY index and TNM stage were involved the nomogram (Figure 4). The calibration curves of the nomogram showed good agreement with the observed outcomes for patients at 1, 2, and 3 years of OS (Supplemental Figure 5). The nomogram (C-index = 0.784, 95% CI = 0.762-0.807) showed a significantly higher C-index than TNM stage (C-index = 0.727, 95% CI = 0.704-0.750, P<0.001) (Supplemental Table 4). As shown in Supplemental Figure 5, the nomogram could better predict OS in patients with CRC than the TNM stage (Figure 5). Based on the nomogram and the TNM stage, the AUCs of time-dependent ROC curves generated were 81.87% and 75.65% for 1 year, 83.31% and 78.33% for 2 years, and 81.95% and 77.65% for 3 years, respectively (Supplemental Figures 6A–C, respectively).




Figure 4 | A proposed nomogram for predicting median survival time and survival probability in patients with CRC. Sex, age, the CALLY index and TNM stage were included in the constructed nomogram. To use the nomogram, a line is drawn upward to the Points axis to determine the number of points received for each variable. Sum of these points makes the total points. For total points, a line is drawn from the Total Points axis downward to the survival axes to determine the estimated median survival time and survival probability. CRC, colorectal cancer; CALLY, C-reactive protein-albumin-lymphocyte.






Figure 5 | AUCs of the nomogram and the TNM stage in patients with CRC. AUC, area under the ROC curve; ROC, receiver operating characteristic; CRC, colorectal cancer.








Discussion

In this study, we identified a specific association between the CALLY index and the prognosis in patients with CRC. We found that an increase in the CALLY index could significantly predict a decrease in the risk of death and that the CALLY index had a higher prognostic value than classical CRC prognostic factors (NLR, PLR, SII, and mGPS). We also developed a nomogram that includes sex, age, the CALLY index and TNM stage to provide accurate predictions. Importantly, this nomogram outperformed the frequently used TNM stage in the clinic when predicting survival outcomes.

The CALLY index consists of CRP, serum albumin and lymphocyte, which can represent inflammation level, nutrition status and immune function, respectively, while inflammation, nutrition, and immunity play important roles in the progression of CRC. Hence, we will discuss the significant association between the CALLY index and OS in patients with CRC from three aspects: inflammation level, nutrition status, and immune function.

CRC is usually accompanied by varying degrees of systemic inflammation, which will influence the incidence and progression of CRC (15). Research showed that inflammation could promote the development and metastasis of CRC through oxidative stress (yields products of oxidative stress such as modified DNA and lipid peroxidation products, and plays an important role in the incidence of CRC), nuclear factor-kappa B (regulating the synthesis of pro-inflammatory cytokines and adhesion molecules), and inflammatory factors such as tumor necrosis factor-alpha, and pro-inflammatory cytokines interleukin (IL) 6 and IL-1 (activating Akt and Wnt, two signaling pathways that was associated with CRC incidence), thus, accelerating disease progression and worsening the survival of patients with CRC (16–24). CRP is a commonly used inflammatory index in clinic (10). Previous studies have shown that elevated CRP represents a more severe inflammatory state, which is associated with a worse prognosis in patients with CRC (5). In our study, a lower CALLY index (representing higher CRP) was associated with a higher risk of death in patients with CRC, which is consistent with research and theories mentioned above.

In addition to inflammation, the roles of nutrition status in the occurrence and development of CRC could not be ignored (7, 8). On one hand, CRC cells affect the absorption and utilization of nutrients through inflammation and metabolic processes, making patients with CRC are prone to malnutrition (25, 26). On the other hand, due to the gastrointestinal symptoms, which affect the appetite and eating, most of the patients with CRC have varying degrees of malnutrition risk (25). Moreover, in conditions such as surgery, trauma, chronic debilitating diseases, and aging, protein synthesis may not occur normally after ingestion of nutrients, leading to anabolic resistance and higher risk of malnutrition in patients with CRC (27). Previous studies have demonstrated that patients with CRC show a weakened response to muscle protein synthesis after injection of a mixture of amino acids (28). Malnutrition in patients with CRC will directly or indirectly affect the prognosis of patients through various ways. First, malnutrition leads to the lack of energy and materials required by the body, gradually unable to maintain basic metabolic activities, eventually resulting in patients with CRC being “starved to death” (29). Second, studies have shown that patients with better nutritional status have higher tolerance for surgery, chemotherapy, and radiotherapy, and the curative effect is better than that of patients with poor nutritional status (30, 31). Serum albumin is a very convenient and intuitive nutritional index (the higher the albumin level, the better the nutritional status) (32). Patients with CRC and hypoalbuminemia are more likely to have unhealthy body composition and poor long-term outcomes (33). Our results indicated that a higher CALLY index (representing higher serum albumin) was associated with a better prognosis in patients with CRC, which is consistent with research and theories mentioned above.

In addition to inflammation level and nutrition status, another factor that must be mentioned that affects the occurrence and development of CRC is immune function. The tumorigenesis process involves different kinds of immune cells. Cancer inhibitory effects occur when lymphocytes are stimulated, such as classically follicular T helper cells, interferon‐ϒ producing T CD8+, B lymphocytes and so on (34–40). For example, B lymphocytes could be observed in many cancers and have associations with better prognosis (40). Furthermore, a combination of T and B lymphocytes can induce an effective anti-cancer immune response, as shown B lymphocytes associated with T CD8+ lymphocytes shown (40). Additionally, tumor‐infiltrating B lymphocytes have associations with better prognosis in various tumor types (41). In addition to lymphocytes themselves, cytokines secreted by lymphocytes also have anti-tumor effects (42). For example, immunoglobulin E antibodies showed anticancer properties (43). Moreover, based on tumor type, stage, and location, alarmins play different roles in promoting or inhibiting tumor progression (40, 44). In addition, epigenetic changes mediated by microRNA have been shown to influence the development of cancer and immune response (45). In clinical settings, lymphocytes are a representative and commonly used immune index (46). It has also been shown in previous studies that circulating lymphocytes can improve cancer patient outcomes by enhancing cancer immune surveillance, inhibiting cancer cell proliferation, and improving tumor chemoprevention (47, 48). While in the tumor microenvironment, T cell deficiency indicated disruptions in immune regulation and antitumor function (49). Patients with a low lymphocyte count had a shorter survival time than those with a high lymphocyte count (46). In our study, lymphocytes were used as part of the CALLY index. Our results showed that the increment of the CALLY index (increased lymphocyte count) was positively correlated with the improvement of OS in patients with CRC.

Inflammation level, nutrition status and immune function not only affect cancer, but their interactions cannot be ignored, and these interactions would further promote the progression of cancer. Firstly, a higher level of inflammation indicated high levels of cytokines such as IL-1, and IL-6, tumor necrosis factor-alpha and CRP, which greatly accelerates the consumption of nutrition, leading to malnutrition and the progression of CRC (50). Secondly, by activating tumor associated macrophages, myeloid-derived suppressive cells, Cd4+Foxp3+Treg cells or Th17 cells, inflammation could impair the immune response within tumors, promoting immune deficiency and cancer progression (51). Moreover, given the key roles of nutrition in determining the fate and functions of immune cells, malnutrition could induce an impaired immune response, which have great promotion roles on cancer incidence and progression and finally shorten OS (52). More than that, studies have shown that poor nutritional status could lead to increased levels of inflammation in patients with CRC by gut microbiota, resulting in an increased risk of death (53). To sum up, inflammation, nutrition and immunity interact to produce a complex vicious circle, which further promotes the progress of cancer. We use the CALLY index to combine the representative indicators of inflammation (CRP), nutrition (serum albumin) and immune (lymphocyte), which could not only fully utilize the prognostic value of these three indicators, but also make use of their interaction to comprehensively predict the prognosis.

The results of the stratified and sensitivity analyses indicated that the significant association between the CALLY index and OS in patients with CRC was stable and reliable. The results of the correlation analysis showed low correlation between the CALLY index and classical CRC prognostic factors (NLR, PLR, SII and mGPS), which indicated that the CALLY index can provide clinicians with different and novel prognosis prediction from classical CRC prognostic factors. Moreover, the C-indices and AUC of the CALLY index, NLR, PLR, SII and mGPS clearly showed that CALLY index had the highest prognostic value, which demonstrated the privilege of the CALLY index.

Throughout the world, the TNM stage serves as the most commonly used postoperative staging evaluation system, and is instrumental in treatment and follow-up after surgery (54–56). However, patients with the same TNM stage, often have significant survival heterogeneity, and the TNM stage is inadequate in predicting individual prognoses (57, 58). We believe the reason for the inadequacy of TNM stage is that it only examines the pathology postoperatively and does not consider the basic difference, such as sex and age, and cancer prognostic relative factor, such as inflammation levels, nutrition status and immune function (59, 60). Hence, we developed a nomogram by combining the sex, age, the CALLY index and TNM stage. The C-indices and AUC of the nomogram and TNM stage indicated that the nomogram showed significant higher prognostic value than TNM stage alone. We believe that our nomogram can complement the limitations of TNM stage and help assess the prognosis of patients with CRC more individually and accurately.

To the best of our knowledge, the present study is the first study with the largest number of participants to comprehensively evaluate the association between the CALLY index and survival in patients with CRC. However, the present study has several potential concerns or limitations that are worth mentioning. First, CRP level, albumin level and lymphocyte count were only evaluated at the baseline. More frequent evaluations could enable a more accurate assessment of the association between the CALLY index and the death risk of CRC. Moreover, because the study findings were obtained based on the sample size determined by the INSCOC study conducted from 2012 to 2020, the findings need to be validated in another study with larger and different population. Additionally, due to the scope limitation of laboratory tests used in the INSCOC study, the covariates included in the analysis were limited. Moreover, due to the limitation of external database and the number of study population, we could not conduct external verification and internal verification. In the future, we will conduct more in-depth clinical and laboratory studies with more participants and more confounders to further investigate the underlying mechanisms.





Conclusion

In summary, CALLY index could be used as independent prognostic factors and showed better prognosis prediction ability than classical CRC prognostic factors (NLR, PLR, SII and mGPS) in patients with CRC. We proposed a nomogram that complemented the shortage of the TNM stage and showed better prognosis prediction ability than the TNM stage. We believe that our nomogram could guide clinicians to facilitate clinical decision-making, individualized treatment, and disease management more accurately and specifically.
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Background

Optimal biomarkers to select patients who will benefit most from immunotherapy remain lacking in nasopharyngeal cancer (NPC). This systematic review and meta-analysis aimed to evaluate the association between various biomarkers and clinical outcomes in NPC patients treated with immune checkpoint inhibitors (ICIs).





Methods

Systematic searches of PubMed, Embase, Cochrane Library, and Web of Science databases were performed up to October 2022. Studies evaluating the association between biomarkers and intended outcomes of ICIs were included. The pooled odds ratio (OR) and hazard ratio (HR) with 95% confidence intervals (CIs) were calculated, respectively, for the objective response rate (ORR) and progression-free survival (PFS) under fixed or random-effect models.





Results

A total of 15 studies involving 1,407 patients were included. The pooled analysis indicated that NPC patients with lower plasma Epstein-Barr virus (EBV) DNA level at baseline (OR = 2.14, 95% CI: 1.46-3.14, P < 0.001), decreased EBV DNA load during immunotherapy (OR = 4.57, 95% CI: 2.24-9.34, P = 0.002) and higher programmed cell death-ligand 1 (PD-L1) expression (OR = 2.35, 95% CI: 1.36-4.09, P = 0.002) had superior ORR than the counterparts. No significant differences of ORR were observed between positive PD-L1 expression and negative PD-L1 expression (OR = 1.50, 95% CI: 0.92-2.45, P = 0.104), as well as higher tumor mutation burden (TMB) and lower TMB (OR = 1.62, 95% CI: 0.41-6.44, P = 0.494). Patients with lower plasma EBV DNA level at baseline obtained a significant benefit on PFS than those with higher plasma EBV DNA level (HR = 0.52, 95% CI: 0.42-0.63, P < 0.001). There were no differences in PFS between decreased EBV DNA load and increased EBV DNA load during immunotherapy (HR = 0.51, 95% CI: 0.22-1.17, P = 0.109), higher PD-L1 expression and lower PD-L1 expression (HR = 0.65, 95% CI: 0.42-1.01, P = 0.054), positive PD-L1 expression and negative PD-L1 expression (HR = 0.90, 95% CI: 0.64-1.26, P = 0.531), lower TMB and higher TMB (HR = 0.84, 95% CI: 0.51-1.38, P = 0.684).





Conclusion

Lower baseline plasma EBV DNA level, decreased plasma EBV DNA during immunotherapy, and higher PD-L1 expression are reliable biomarkers predicting better response to ICIs treatment. Lower baseline plasma EBV DNA level was also associated with longer PFS. It is warranted to further explore and better illuminate the utility of these biomarkers in future clinical trials and real-world practice.





Systematic review registration

https://www.crd.york.ac.uk/PROSPERO/, identifier CRD42022324434.
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1 Introduction

Now is an exciting era of development in immune checkpoint inhibitors (ICIs), which have also exhibited encouraging anti-tumor activity for patients with nasopharyngeal cancer (NPC) in recent years (1–4). However, as one of the most common head and neck malignant tumors in Southeast Asia, especially in southern China (5, 6), NPC has no well-established biomarkers for ICIs up to date.

The widely used biomarker, Epstein-Barr virus (EBV), played an important role in the development and progression of NPC (7, 8). However, it is obscure whether plasma EBV DNA level correlates with the anti-tumor activity of ICIs. Some studies showed that lower baseline plasma EBV DNA level was associated with better objective response rate (ORR) and progression-free survival (PFS) compared with the higher EBV DNA level for NPC patients treated with ICIs (3, 9). Other trials, however, did not demonstrate consistent results, in which patients achieved identical clinical benefits regardless of the EBV DNA level (2).

The predictive value of commonly used biomarkers for ICI efficacy, such as programmed cell death-ligand 1 (PD-L1) expression and tumor mutation burden (TMB), is also unclear in NPC. PD-L1 expression was reported to be associated with clinical outcomes in patients with NPC who received chemoradiotherapy, but the utility for ICI efficacy was not well interpreted. Compared with other solid tumors, the level of TMB is relatively lower in NPC (10, 11). Some studies suggested that NPC patients with lower TMB could also achieve clinical benefits with anti-PD-1/PD-L1 therapies as those with higher TMB (9, 12).

So far, there has been no pooled analysis exploring the impact of EBV DNA, PD-L1 expression, and TMB on the clinical outcomes of ICIs for NPC. Herein, we performed a comprehensive systematic review and meta-analysis with recently accumulated evidence to evaluate the association between the three biomarkers and clinical outcomes in NPC patients treated with ICIs.




2 Methods

This systematic review and meta-analysis were conducted according to the Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA) guidelines (13) and were registered on the International Prospective Register of Systematic Reviews (PROSPERO) (register ID: CRD42022324434).



2.1 Literature search strategy and eligible study selection

Literature search for studies was performed from electronic databases, including PubMed, Embase, Cochrane Library, and Web of Science databases, by two independent investigators (XYQ and YXT) up to October 10, 2022. The Subject headings and main keywords included: (a) “nasopharyngeal carcinoma”, “nasopharyngeal cancer” or “cancer of nasopharynx”; (b) “immune checkpoint inhibitor”, “immunotherapy”, “anti-PD-1” or “anti-PD-L1”. The complete literature search strategy was displayed in Supplementary Table S1.

The main criteria for eligibility are as follows: (1) studies in which NPC patients were treated with ICI monotherapy, or ICI combined with chemotherapy/radiotherapy; (2) studies in which the association between plasma EBV DNA level, PD-L1 expression, TMB and clinical outcomes (ORR, PFS) of ICIs was evaluated; (3) studies in which the related data could be extracted directly or calculated indirectly; (5) studies that were written in English. Exclusion criteria are as follows: (1) studies that were reviews, case reports, comments, or letters; (2) studies that were performed on animals or cells; (3) studies that lacked sufficient information. Two investigators (XYQ and YXT) conducted the study search and selection independently. If there was any disagreement, the third investigator (HZC) reassessed the studies.




2.2 Data extraction and quality assessment

We extracted the following information from the eligible studies (1) characteristics of studies (first author, publication year, area, type of studies, sample size, follow-up time); (2) characteristics of patients (age, sex, study drugs, biomarkers). (3) clinical outcomes (ORR and PFS), hazard ratios (HRs), and their corresponding 95% confidence intervals (CIs) for PFS. If the HRs and 95% CIs were not provided directly in the study, Engauge Digitizer software (version 11.1) was applied to extract the coordinates of points on the Kaplan-Meier curves. When the results in both univariate and multivariate analyses were available, results from the multivariate analysis were preferred. The cut-off values of plasma EBV DNA levels, PD-L1 expression, and TMB varied across studies. For plasma EBV DNA and TMB, the lower group was identified by the value of lower than the cut-off in each study, otherwise, it was defined as the higher group. When one study reported more than one category by different cut-off values, one of the results was collected. For PD-L1 expression, two comparative models were applied: higher vs. lower and positive vs. negative. The PD-L1 higher and lower category were identified according to the cut-off value in each study: Yang et al. (3), Ma et al. (2), and Park et al. (12) using 10%, Yang et al. (14) using 15%, while Wang et al. (9) using 25%. The PD-L1 positive and negative categories were identified by a cut-off value of 1%. Two investigators (XYQ and YXT) conducted the data extraction independently.

The quality of the studies included was evaluated by Newcastle-Ottawa (NOS) assessment scale criteria, which involved the selection, comparability, and outcomes of the studies (15). The total scores ranged from 0 to 9 points, and the quality criteria were evaluated as follows: poor quality (< 5 points); medium quality (5-7 points); high quality (> 7 points).




2.3 Statistical analysis

The predictive value of EBV DNA, PD-L1 expression, and TMB was assessed in NPC patients treated with ICIs. The categorical meta-analysis was performed by comparing lower plasma EBV DNA level with higher EBV DNA level at baseline, decreased plasma EBV DNA load with increased EBV DNA load during ICIs treatment, higher PD-L1 expression in tissue with lower PD-L1 expression, positive PD-L1 expression in tissue with negative PD-L1 expression, and higher TMB in tissue with lower TMB. The impacts of these biomarkers on the clinical outcomes of ICIs were measured by ORR and PFS. Odds ratio (OR) and 95% CI was applied for the pooled analysis of ORR, with HR and 95% CI for PFS.

Cochran’s Q test and Higgins I2 statistic were used to evaluate the heterogeneity among studies (16, 17). For the Q test, a P value < 0.05 was considered significant heterogeneity. For I2 statistics, heterogeneity was assessed as follows: low (I2 < 25%), moderate (25% ≤ I2 < 50%), and high (I2 ≥ 50%). When there was no significant heterogeneity (P value of Q test ≥ 0.05 and I2 statistic < 50%), a fixed-effect model was performed for the pooled analysis, otherwise, a random-effect model was used. Publication bias was examined by the Funnel plot (18, 19). Sensitivity analysis was conducted by omitting study by study sequentially. Stata version 15.0 was applied to conduct the statistical analyses. A two-sided P value < 0.05 was considered a statistically significant difference.





3 Results



3.1 Systematic search and study selection

A total of 2440 records were identified through the electronic databases, with 361 from PubMed, 854 from Embase, 102 from Cochrane, and 1123 from Web of Science. The detailed procedure of literature screening is shown in Figure 1. There were 15 relevant studies identified for inclusion in the final analysis (2–4, 9, 12, 14, 20–28), with 13 published articles and 2 conference abstracts, including 1,407 patients.




Figure 1 | Flow chart of the literature search strategy and eligible study selection process. EBV, Epstein-Barr virus; PD-L1, programmed cell death-ligand 1; TMB, tumor mutation burden.



The quality assessment of the included studies using the Newcastle-Ottawa scale is presented in Supplementary Table S2. Two studies were graded as medium quality, with a quality score of 7. Fourteen studies were graded as high quality, with 2 studies scoring 8 and 11 studies scoring 9.




3.2 Patients’ characteristics

Of the 15 included studies, 13 studies assessed more than one predictive biomarker. Table 1 presents the baseline characteristics of the studies included in the systematic review and meta-analysis, including EBV DNA(n=10), dynamic EBV DNA(n=5), PD-L1(n=7), and TMB(n=6). The median age of patients ranged from 44 to 57 years old. The majority of patients were male. All the NPC patients enrolled were recurrence or metastatic diseases. The median follow-up time of the included studies ranged from 5.8 months to 24.7 months.


Table 1 | Baseline characteristics of the studies included in the systematic review and meta-analysis.






3.3 Pooled analysis of ORR

After pooled analysis, patients with lower plasma EBV DNA level at baseline had superior ORR than those with higher plasma EBV DNA level (OR = 2.14, 95%CI: 1.46-3.14, P < 0.001, Figure 2A). Compared with patients harboring increased plasma EBV DNA load during immunotherapy, those with decreased EBV DNA load obtained a significant benefit on ORR (OR = 4.57, 95%CI: 2.24-9.34, P < 0.001, Figure 2B). There was no heterogeneity among the studies included.




Figure 2 | Meta-analysis of the association between biomarkers and objective response rate (ORR). (A) baseline plasma Epstein-Barr virus (EBV) DNA level and ORR; (B) Dynamic plasma EBV DNA load during immunotherapy and ORR; (C) programmed cell death-ligand 1 (PD-L1) expression [higher vs. lower] and ORR; (D) PD-L1 expression [positive vs. negative] and ORR; (E) tumor mutation burden (TMB) and ORR.



In the pooled analysis, higher PD-L1 expression was associated with increased ORR than lower PD-L1 expression (OR = 2.35, 95%CI: 1.36-4.09, P = 0.002, Figure 2C). Nevertheless, there was no significant difference between positive PD-L1 expression and negative PD-L1 expression as for ORR (OR = 1.50, 95%CI: 0.92-2.45, P = 0.104, Figure 2D). No evidence of heterogeneity was observed among the analysis.

The pooled OR for ORR was 1.62 (95% CI: 0.41–6.44, P = 0.494), which indicated that patients with lower TMB had a comparable ORR with those with higher TMB. A moderate level of heterogeneity (I2 = 30.3%, P = 0.231, Figure 2E) was observed among the studies included.




3.4 Pooled analysis of PFS

According to the fixed effects model, patients with lower plasma EBV DNA level at baseline had longer PFS (HR = 0.52, 95% CI: 0.42–0.63, P < 0.001, Figure 3A) than those with higher plasma EBV DNA level. Patients with decreased plasma EBV DNA load during immunotherapy did not show a significant benefit on PFS than those with increased plasma EBV DNA load (HR=0.51, 95% CI:0.22–1.17, P=0.109; Figure 3B) by the random-effect model.




Figure 3 | Meta-analysis of the association between biomarkers and progression-free survival (PFS). (A) baseline plasma Epstein-Barr virus (EBV) DNA level and PFS; (B) Dynamic plasma EBV DNA load during immunotherapy and PFS; (C) programmed cell death-ligand 1 (PD-L1) expression [higher vs. lower] and PFS; (D) PD-L1 expression [positive vs. negative] and PFS; (E) tumor mutation burden (TMB) and PFS.



The pooled analysis showed that patients with higher PD-L1 expression had a tendency towards longer PFS than those with lower PD-L1 expression, while this did not reach a statistical difference (HR = 0.65, 95% CI: 0.42-1.01, P = 0.054, Figure 3C), There was no difference in PFS between positive PD-L1 expression and negative PD-L1 expression (HR = 0.90, 95% CI: 0.64-1.26, P = 0.531, Figure 3D). No evidence of heterogeneity was observed among the analysis.

The forest map did not show that patients with higher TMB have a lower risk of disease progression than those with lower TMB (HR = 0.84, 95% CI: 0.51-1.38, P = 0.484, Figure 3E) based on a random-effect model.




3.5 Sensitivity analysis

The sensitivity analysis, which was conducted by removing one study at each time, showed that the pooled results were not significantly influenced by any single study (Supplementary Figures S1, S2). Considering the relatively limited number of included studies for PFS of PD-L1 expression and ORR of TMB, sensitivity analysis was not applied to test the potential heterogeneity.




3.6 Publication bias

There was a slight asymmetrical according to the funnel plot for PFS of TMB. There was no obvious publication bias for the other pooled analysis when tested by funnel plot (Figures 4, 5).




Figure 4 | Funnel plot of objective response rate (ORR) for studies reporting biomarkers. (A) baseline plasma Epstein-Barr virus (EBV) DNA level; (B) dynamic plasma EBV DNA load during immunotherapy; (C) programmed cell death-ligand 1 (PD-L1) expression (higher vs. lower); (D) PD-L1 expression (positive vs. negative); (E) tumor mutation burden (TMB).






Figure 5 | Funnel plot of progression-free survival (PFS) for studies reporting biomarkers. (A) baseline plasma EBV DNA level; (B) dynamic plasma EBV DNA load during immunotherapy; (C) programmed cell death-ligand 1 (PD-L1) expression (higher vs. lower); (D) PD-L1 expression (positive vs. negative); (E) tumor mutation burden (TMB).







4 Discussion

Though immunotherapy has become an increasingly attractive approach for patients with NPC, the optimal biomarkers to select patients who will benefit most from ICIs remain lacking. To our best knowledge, this meta-analysis is the first and the most comprehensive one that focused on the biomarkers predicting the clinical outcomes of patients with NPC receiving ICIs. In this study, we analyzed the association between plasma EBV DNA level at baseline, dynamic change of plasma EBV DNA level during immunotherapy, PD-L1 expression, TMB, and intended outcomes (ORR and PFS) of ICIs in NPC.

The role of plasma EBV DNA as a clinically useful biomarker in the detection, guiding chemotherapy and radiotherapy, surveillance, and prognostication for NPC has been well established (8, 29, 30). However, it is controversial whether the plasma EBV DNA level was associated with the clinical outcomes of ICIs. Notably, our study observed that NPC patients with lower plasma EBV DNA level at baseline had higher ORR and longer median PFS compared with patients with higher EBV DNA level. In addition, post-treatment EBV DNA decrease was correlated with a better response to ICIs in NPC. One possible underlying mechanism for the pretreatment and the dynamic change of plasma EBV DNA level as a potential indicator for clinical outcomes of NPC patients receiving ICIs might be the tumor evasion from the immune system. The EBV encoding latent membrane proteins and noncoding RNA molecules, limit the actions of interferon and block antigen presentation, which allows NPC cells to escape immune recognition and avoid immune (31, 32). As a result, a heavy load at baseline or an increase post-treatment of plasma EBV DNA level could be correlated with a higher number of NPC tumor cells escaping immune recognition, thus resulting in poor outcomes for patients treated with ICIs (33). Taken together, plasma EBV DNA may pave a way towards the precision immunotherapy approach in NPC. More studies investigating the biological mechanisms underlying those associations are worthwhile to be conducted in the near future.

The predictive value of PD-L1 expression, the most extensively studied biomarker for immunotherapy, though proved to be a useful biomarker in predicting the efficacy of ICIs in lung cancer, esophageal cancer, and other solid carcinomas (34, 35), was still inconclusive in NPC. In our study, no difference was observed with respect to ORR and PFS between positive and negative PD-L1 expression (a cutoff of 1%) in NPC patients receiving ICIs. However, when using a higher cut-off value, a better ORR was observed in high PD-L1 expression. These results manifest that PD-L1 expression has certain predictive utility in NPC, and further considerable studies are warranted to explore the optimal cut-off value of PD-L1 expression to better illuminate the association between PD-L1 expression and outcomes of ICIs.

TMB was emerging as a potential biomarker for immunotherapy in recent decades. Previous studies suggested that higher TMB was associated with a higher number of tumor-neoantigens presented on major histocompatibility complex class (MHC) molecules, which facilitated immune recognition and the response to anti-tumor immunotherapy (36). Our study found that there was no significant correlation between TMB and clinical outcomes in NPC patients receiving ICIs. This may be due to the variable cut-off values of TMB across studies and the distinct tumor microenvironment of NPC from other solid tumors. The relationship between TMB and response to ICIs remains challenging in NPC.

Notably, additional cohort studies explored the association between other biomarkers (eg, human leukocyte antigen [HLA], MHC and the effect on ICIs. In the CAPTAIN trial, a high MHC-II+ cell density in the stroma was found to be associated with improved disease control rate (DCR), longer median PFS, and OS (14). In an international and multicenter study of nivolumab (NCI-9742), they observed that loss of HLA-A and HLA-B was associated with better survival than patients with HLA-A– and HLA-B–intact tumors (2). However, relevant studies were limited, and there was relatively inadequate power to conduct a meta-analysis. Substantial efforts are needed to elucidate the role of these biomarkers in predicting response and prognosis for NPC patients receiving ICIs.

Besides, the definition of biomarkers has been expanded greatly with the evolution of bioinformatics. A combination of ICI prediction methods with tumor prognostic markers at the molecular level has been well applied in multiple carcinomas (37–41). Chi and colleagues established a multi-biomarker prognostic model based on natural killer cell-associated genes in head and neck squamous cell carcinoma (HNSCC) (37). Chen et al. assessed tumor microenvironment (TME) through virtual microdissection of gene expression profiles, classifying the TME of NPC into three immune subtypes to predict immunotherapy responses and prognosis (42). Undoubtedly, these approaches provide new perspectives for evaluating the response and prognosis of immunotherapy. Biomarkers of EBV DNA, PD-L1, and TMB in this study have their advantages. First, they are affordable in price. Secondly, the detection technology is mature and easy to be widely used in clinical. Third, the detection of plasma EBV DNA was non-invasive and can be monitored dynamically.

Several limitations should be considered in this meta-analysis. First of all, the number of studies included in each biomarker for each outcome was relatively small. Only two studies were included in the pooled analysis for PFS of PD-L1 expression and ORR of TMB, and the relatively limited number of included studies may limit the power of analysis. Secondly, the majority of the studies included were from China, which may lead to some inevitable sources of bias. However, this may be due to the fact that the endemic regions of NPC are extremely unbalanced, with 72.8% of new cases in Southeast Asia. The age-standardized rate was 3.0 per 100,000 in China, while 0.4 per 100,000 in white populations (5, 6). The essential reason for publication bias may be the incentives that researchers are more likely to report statistically significant results to be accepted for publication and publishers are more likely to publish studies with statistically significant findings. Thirdly, though overall survival (OS) is also an important outcome to be investigated, the studies reporting the effect of biomarkers on OS were limited to conducte a pooled analysis.




5 Conclusion

In conclusion, lower baseline plasma EBV DNA level, decreased EBV DNA load during immunotherapy, and higher PD-L1 expression are reliable biomarkers predicting better response to ICIs treatment. Lower baseline plasma EBV DNA level was also associated with longer PFS. It is warranted to further explore and better illuminate the utility of these biomarkers in future clinical trials and real-world practice.
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Introduction

Immune-checkpoint inhibitors are effective in various advanced cancers. Type 1 diabetes mellitus induced by them (ICI-T1DM) is a serious complication requiring prompt insulin treatment, but the immunological mechanism behind it is unclear.





Methods

We examined amino acid polymorphisms in human histocompatibility leukocyte antigen (HLA) molecules and investigated proinsulin epitope binding affinities to HLA molecules.





Results and Discussion

Twelve patients with ICI-T1DM and 35 patients in a control group without ICI-T1DM were enrolled in the study. Allele and haplotype frequencies of HLA-DRB1*04:05, DQB1*04:01, and most importantly DPB1*05:01 were significantly increased in patients with ICI-T1DM. In addition, novel amino acid polymorphisms in HLA-DR (4 polymorphisms), in DQ (12 polymorphisms), and in DP molecules (9 polymorphisms) were identified. These amino acid polymorphisms might be associated with the development of ICI-T1DM. Moreover, novel human proinsulin epitope clusters in insulin A and B chains were discovered in silico and in vitro peptide binding assays to HLA-DP5. In conclusion, significant amino acid polymorphisms in HLA-class II molecules, and conformational alterations in the peptide-binding groove of the HLA-DP molecules were considered likely to influence the immunogenicity of proinsulin epitopes in ICI-T1DM. These amino acid polymorphisms and HLA-DP5 may be predictive genetic factors for ICI-T1DM.
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Introduction

Immune-checkpoint inhibitors (ICIs) are effective agents in various cancers; however, immune-related adverse events (irAEs) often occur during treatment with ICIs (1–5). Major endocrine irAEs include pituitary irAE (3), thyroid irAE (4), and ICI-induced type 1 diabetes mellitus (ICI-T1DM). ICI-T1DM is an especially critical irAE due to the possibility of acute damage to pancreatic β-cells (5). Qiu et al. reported that anti-insulin antibody was observed in 7 patients with ICI-T1DM (3 patients with fulminant type 1 diabetes, and 4 patients with acute type 1 diabetes) (6). One patient with ICI-T1DM exhibited anti-insulin antibody positivity in our study (5). Proinsulin is cleaved into insulin and C-peptide in pancreatic β-cells at secretion (7), we thus hypothesized that proinsulin could be a major autoantigen in ICI-T1DM.

We have previously identified thyrotropin receptor epitopes to HLA-DR molecules in Graves’ disease in silico, in vitro, and human studies (8, 9). Further, we have also previously in part examined of histocompatibility leukocyte antigen (HLA) alleles and haplotypes in ICI-T1DM. However, immunological mechanisms in ICI-T1DM are largely unknown due to the rarity of the disease (0.8% prevalence among ICI-treated patients (5).

In the current study, novel amino acid polymorphisms in HLA class II molecules in patients with ICI-T1DM, and in vitro proinsulin epitope binding affinities to HLA-DP molecules were revealed. These genetic factors may be utilized for prediction of ICI-T1DM, and also contribute to elucidate the mechanism of cancer immunotherapy and ICI-T1DM. Therefore, current study offers novel management and monitoring options for cancer immunotherapy.





Patients and methods




Patients

Patients were recruited from the Japanese Red Cross Society Wakayama Medical Center (JRCW), Wakayama Medical University Hospital (WMU), and Nagoya University (NU). Patients with advanced malignant diseases who received ICI treatment were examined during 2016-2021. ICI treatments included anti-PD-1 antibody (nivolumab or pembrolizumab), anti-PD-L1 antibody (durvalumab or atezolizumab), or anti-CTLA-4 antibody (ipilimumab) following nivolumab (5, 10). The study protocol was approved by the JRCW, WMU, and NU Institutional Ethical Review Boards, and written informed consent was obtained from all participants.





Assessment of irAEs and ICI-T1DM

Assessment of irAEs was made based on the descriptions and grading scales of the National Cancer Institute (NCI) Common Terminology Criteria for Adverse Events version 3.0. Diagnostic criteria for T1DM were based on the hyperglycemic symptoms, and continuous requirement of insulin therapy irrespective of autoimmune diabetes-related autoantibodies (11). ICI-controls were defined as those who were treated with ICI but did not develop any irAEs including T1DM (5, 10). Healthy Japanese individuals were used as general controls (12–14), and participants had no clinical or demographic differences and they had the same ethnic background.





HLA-genotyping and amino acid sequences

DNA extracted from blood was genotyped in HLA-A, B, C, DRB1, DQB1, and DPB1 alleles by the next-generation sequence method and a Luminex system with WAKFlow HLA typing kits (GenoDive Pharma, Kanagawa, Japan) as previously described (5, 12–14). Allele frequencies were determined by direct counting and three-locus (DRB1~DQB1~DPB1) haplotype frequencies were obtained by maximum likelihood methods as previously described (http://cmpg.unibe.ch/software/arlequin3/) (5, 12–14). Amino acid sequences were downloaded from (https://www.ebi.ac.uk/ipd/imgt/hla/).





Prediction of human proinsulin-peptides binding affinities to HLA-DP5 and HLA-DP15

In silico binding of human proinsulin (AA 1-110) (NP_000198.1) derived peptide to HLA-DP5 molecule (HLA-DPA1*02:02, HLA-DPB1*05:01) and a control allele, HLA-DP15 molecule (HLA-DPA1*02:02, HLA-DPB1*15:01: not previously reported as susceptible or protective allele) were predicted by NetMHCIIpan software version 4.0. The %RANK threshold for strong binders was set as <5%. The peptides with a 5-50%RANK threshold were set as intermediate binders.





In vitro human proinsulin peptides binding assay to HLA-DP5 and HLA-DP15

Fifteen-mer peptides derived from human proinsulin were synthesized based on the predicted affinities to HLA-DP5: 1) strong binders, 2) intermediate binders, and 3) others to cover the entire sequence (PEPscreen® peptide library, ProImmune, Oxford, UK). Peptides that were known to have high affinities with HLA-DP5 and HLA-DP15 were also synthesized. The synthesized peptides were subjected to an in vitro peptide binding assay (ProImmune REVEAL® MHC class II-peptide binding assay: (ProImmune, Oxford, UK) using recombinant HLA-DP5 and HLA-DP15 proteins.Detection of binding peptides is based on the presence or absence of the native conformation of the MHC-peptide complex in an immunoassay. Each test peptide was given a ‘REVEAL SCORE’ relative to positive control peptides, which were known to bind HLA-DP5 or HLA-DP15 with high affinity (signal of known positive control peptide which was known to bind each HLA-DP with high affinity, divided by each test peptide x 100%). The high-throughput assay quantifies the ability of the test peptides to bind to HLA-DP5 and HLA-DP15. The results of the three separate assays were in close agreement and are presented as an average of the results.





Three-dimensional modeling of the HLA-class II molecules

Three-dimensional modeling of HLA-class II molecules (HLA-DR, HLA-DQ, and HLA-DP) was downloaded from the Protein Data Bank database (15), and visualized with PyMOL (16).





Statistical analysis

Differences between the two groups were analyzed by a Mann-Whitney U test. The association of allele frequencies was analyzed using Fisher’s exact test. Frequencies of HLA alleles and amino acid polymorphisms were analyzed by univariate and multivariate logistic regression analysis with stepwise selection of covariates. Bonferroni test was applied if the variables were significant. Statistical analyses were performed using JMP, version 15 (SAS Institute Inc., Cary, N.C., USA). P values < 0.05 were considered to be statistically significant.






Results




Clinical characteristics of patients with ICI-T1DM

A total of twelve patients with ICI-T1DM (six patients from JRC, two patients from WMU, and four patients from NU) were identified and enrolled in the study (Tables 1A, 1B; Supplementary Table 1). Clinical profiles of seven patients with ICI-T1DM were partly described previously (5). Thirty-five independent ICI-controls (13 from WMU and 22 from NU) were prospectively identified as subjects without irAE and were analyzed. Anti-GAD65 antibody was negative for patients measured. Patient #6 only developed insulin autoantibodies (IAA).


Table 1A | Clinical characteristics of the patients with ICI-T1DM.




Table 1B | The plasma glucose levels of ICI-T1DM patients and their summarized HLA typing results.







HLA alleles and haplotypes analysis

The plasma glucose levels of patients with ICI-T1DM and HLA typing results are summarized in Table 1B. We have used HLA-class I and II four-digit allelic typing results in the allele or haplotype analysis (Tables 2A–E; Supplementary Table 2A–C). Allele frequencies of HLA-DRB1*04:05 (Table 2A) and HLA-DQB1*04:01 (Table 2B), both alleles in complete linkage disequilibrium, were significantly higher in patients with ICI-T1DM than in general controls and also in ICI-controls. HLA-DPB1*05:01 allele frequency was more significantly associated with an increased risk of ICI-T1DM when compared with general controls and also in ICI-controls (P=0.005 and 0.004, respectively) (Table 2C).


Table 2A | Allele frequencies of HLA-DR in patients with ICI-T1DM and controls.




Table 2B | Allele frequencies of HLA-DQB1 in patients with ICI-T1DM and controls.




Table 2C | Allele frequencies of HLA-DPB1 in patients with ICI-T1DM and controls.




Table 2D | Haplotype frequencies of HLA-DRB1-DQB1 in patients with ICI-T1DM.




Table 2E | Haplotype frequencies of HLA-DRB1-DQB1-DPB1 in patients with ICI-T1DM.



In haplotype analysis, HLA-DRB1*04:05-DQB1*04:01 haplotype frequency was significantly higher in patients with ICI-T1DM than those of general controls and also in ICI-controls (P=0.026 and 0.003, respectively) (Table 2D). HLA-DRB1*04:05-DQB1*04:01-DPB1*05:01 haplotype frequency was significantly higher in patients with ICI-T1DM than those of general controls and also in ICI-controls (P=0.006 and 0.002, respectively) (Table 2E).

Of all significant HLA alleles and haplotypes, notably, only HLA-DQB1*04:01 and HLA-DPB1*05:01 allele frequencies were significantly increased in patients with ICI-T1DM compared with ICI-controls after Bonferroni correction (Pc=0.033 and Pc=0.04, respectively) (Tables 2B, 2C). Then the allele frequencies of HLA-DQB1*04:01 and HLA-DPB1*05:01 were compared in conditional multiple logistic regression analysis (Table 2F).


Table 2F | Multiple logistic regression analysis of HLA-alleles in ICI-T1DM patients and ICI-controls.



Both allele frequencies were found to be significantly increased in ICI-T1DM, P=0.023 for HLA-DQB1*04:01 and P=0.016 for HLA-DPB1*05:01 (Table 2F). Note that the result also indicates the equivocal importance of following 3 factors: HLA-DQB1*04:01, HLA-DRB1*04:05, and HLA-DRB1*04:05-DQB1*04:01 haplotype, due to the complete linkage disequilibrium between HLA-DRB1*04:05 and HLA-DQB1*04:01 in the current study population (Table 2F).





Amino acid polymorphisms in each HLA-class II molecules

Further, univariate logistic regression analysis was thoroughly performed to examine relationships between ICI-T1DM and amino acid polymorphisms at HLA-DRβ1 (237 amino acid positions) (Supplementary Table 3A), DQβ1 (237 amino acid positions) (Supplementary Table 3B, and DPβ1 (229 amino acid positions) (Supplementary Table 3C). The amino acid polymorphisms with significance are indicated as yellow in the tables and they underwent further evaluation. Of those, amino acid carriages at amino acid positions 9, 57, 86, and 96 of HLA-DRβ1 were significantly different between the patients with ICI-T1DM and ICI-controls (Supplementary Table 4A, B). Glu (E) was significantly more frequently observed than Trp (W) (represented as E>W, the same applies hereafter) at position 9 (Figure 1A), Ser (S) > Asp (D) at position 57 (Figure 1B), Gly (G) > Val (V) at position 86 (Figure 1C), and Tyr (Y) > Gln (Q) at position 96 of HLA-DRβ1 in ICI-T1DM (Figure 1D).




Figure 1 | Prevalence of amino acid carriages at residues of HLA-DRB1 allele in patients with ICI-T1DM and ICI-controls (shown as controls) (A–D). Prevalence of amino acid at position 9, E, Glutamic acid vs W, Tryptophan, P=0.038. OR 9.05, 95% CI: 1.13-72.43 (A), position 57, S, Serine vs D, Aspartic acid, P=0.0023. OR 5.89, 95%CI: 1.88-18.46 (B), position 86, G, Glycine vs V, Valine, P=0.033. OR 4.14, 95%CI: 1.12-15.23 (C), and position 96, Y, Tyrosine vs Q, Glutamine, P=0.042. Odds ratio of 9.60, 95%CI: 1.08-85.16 (D) are shown. After Bonferroni correction for all significant amino acid polymorphisms among HLA-DRB1 alleles, only amino acid position 57 on HLA-DRB1 allele (B) was significantly different (Pc=0.046 after Bonferroni correction, shown with #).



Regarding HLA-DQβ1, amino acids carriages at amino acid positions 56, 70, 203, and 53-84-85-89-140-181-182-220-221 (each amino acid in complete linkage disequilibrium) of HLA-DQβ1 were significantly different between the patients with ICI-T1DM and ICI-controls (Supplementary Tables 5A, B). Leu (L) > Pro (P) at position 56 (Figure 2A), E > G at position 70 (Figure 2B), Ile (I) > V at position 203 (Figure 2C), and Leu-Gln-Leu-Thr-Thr-Gln-Asn-His-His (L-Q-L-T-T-Q-N-H-H) > Gln-Glu-Val-Gly-Ala-Gln-Ser-Arg-Gln (Q-E-V-G-A-Q-S-R-Q) at positions 53-84-85-89-140-181-182-220-221 of HLA-DQβ1 in ICI-T1DM (Figure 2D).




Figure 2 | Similarly, prevalence of amino acid carriages at residues of HLA-DQB1 allele in patients with ICI-T1DM and ICI-controls (A–D). Prevalence of amino acid at position 56, L, Leucine vs P, Proline, P=0.03. OR 3.39, 95%CI: 1.13-10.18 (A), position 70, E, Glutamic acid vs G, Glycine, P=0.017. OR 15.11, 95%CI: 1.62-140.58 (B), position 203, I, Isoleucine vs V, Valine, P=0.031. OR 5.38, 95%CI: 1.16-24.89 (C), and positions 53-84-85-89-140-181-182-220-221, L-Q-L-T-T-Q-N-H-H, Leucine-Glutamine-Leucine-Threonine-Threonine-Glutamine-Asparagine-Histidine-Histidine vs Q-E-V-G-A-Q-S-R-Q, Glutamine-Glutamic acid-Valine-Glycine-Alanine-Glutamine-Serine-Arginine-Glutamine, P=0.049. OR 2.83, 95%CI: 1.01-7.98 (D) are shown. After Bonferroni correction for all significant amino acid polymorphisms among HLA-DQB1 alleles, no amino acid polymorphisms were significantly different.



Moreover, amino acids carriages at amino acid positions 35, 55, 205, and 84-85-86-87-96-170 (each amino acid in complete linkage disequilibrium) of HLA-DPβ1 were significantly different between the patients with ICI-T1DM and ICI-controls (Supplementary Tables 6A, B). L > Phe (F) at position 35 (Figure 3A), E > D at position 55 (Figure 3B), Met (M) > V at position 205 (Figure 3C), and Asp-Glu-Ala-Val-Lys-Ile (D-E-A-V-K-I) > Gly-Gly-Pro-Met-Arg-Thr (G-G-P-M-R-T) at positions 84-85-86-87-96-170 of HLA-DPβ1 in ICI-T1DM (Figure 3D).




Figure 3 | Then, prevalence of amino acid carriages at residues of HLA-DPB1 allele in patients with ICI-T1DM and ICI-controls (A–D). Prevalence of amino acid at position 35, L, Leucine vs F, Phenylalanine, P=0.024. OR 3.16, 95%CI: 1.16-8.59 (A), position 55, E, Glutamic acid vs D, Aspartic acid, P=0.026. OR 3.3, 95%CI: 1.16-9.41 (B), position 205, M, Methionine vs V, Valine, P=0.001. OR 5.75, 95%CI: 2.02-16.39 (C), and positions 84-85-86-87-96-170, D-E-A-V-K-I, Aspartic acid-Glutamic acid-Alanine-Valine-Lysine-Isoleucine vs G-G-P-M-R-T, Glycine-Glycine-Proline-Methionine-Arginine-Tryptophan, P=0.005. OR 5.29, 95%CI: 1.64-17.08 (D) are shown. OR, odds ratio; 95%CI, 95% confidence interval; Note that due to the statistical analyses employed, each P value was the same value in the respective figures. After Bonferroni correction for significant amino acid polymorphisms among HLA-DPB1 alleles, only amino acid position 205 on HLA-DP allele (C) were significantly different (Pc=0.011 after Bonferroni correction, shown with #).



After Bonferroni correction for all significant amino acid polymorphisms, β57 at HLA-DRβ1 (Pc=0.046 by Bonferroni correction, shown with #) (Figure 1B), and β205 at HLA-DPβ1 were significantly increased in patients with ICI-T1DM compared with ICI-controls (Pc=0.011 by Bonferroni correction, shown with #) (Figure 3C).

To investigate the importance of amino acid polymorphisms mentioned above in detail (Figures 1–3), a stepwise selection of covariate amino acid residues was applied in multivariate logistic analysis across the HLA-DR, DQ, and DP (Table 3). Subsequently, β205 at HLA-DPβ1 was found to be most significant among them.


Table 3 | Stepwise selection and multivariate regression analysis of amino acid polymorphisms across HLA-class II alleles in ICI-T1DM patients and ICI-controls.



Differences in amino acids at HLA-DPB1*05:01 and DPB1*15:01 were shown in Supplementary Table 3C and Supplementary Table 6C). Of those, amino acid at positions 85 and 86 compose pocket 1 (P1) of peptide-binding groove on the HLA molecule, and amino acid at position 9 composes P9 (Figure 4).




Figure 4 | Peptide-binding grooves in an HLA class-II molecule (amino acid position 1-9) are shown. Amino acids in positions 1, 4, 6, 7, and 9 bind to HLA and those in positions 2, 3, 5, and 8 are assumed to be outward facing in order to stimulate the T-cell receptor (TCR).



Amino acid residues located in the nine peptide-binding grooves (referred to as pockets) were previously described (17, 18). Amino acids at positions 9 and 57 of HLA-DRβ1 compose P9, and the amino acid at position 86 composes P1 as well (Figures 1A, B, C, 4, 5A). The amino acid at position 70 of HLA-DQβ1 is associated with P4, and amino acids at positions 85 and 89 of HLA-DQβ1 compose P1 as well (Figures 2B, D, 4, 5B). Amino acids at positions 85 and 86 of HLA-DPβ1 compose P1 (Figure 3D, 4, 5C).




Figure 5 | Three-dimensional illustration of ICI-T1DM risk-associated amino acid positions were identified in the current study. The crystal structures of HLA-DR (A), HLA-DQ (B), and HLA-DP (C) molecules are established based on Protein Data Bank entries 4IS6, 2NNA, and 3WEX, respectively. The structure of extracellular domains of HLA-class IIα and IIβ chains are shown in yellow and cyan, respectively. Amino acid polymorphic sites are shown as spheres. Amino acid position 9 (E, Glutamic acid, green) and 57 (S, Serine, orange) are located in pocket 9 of HLA-DR molecule (HLA-DRA1*01:02, HLA-DRB1*04:05) (A). Amino acid position 86 (G, Glycine, purple) composes pocket 1 (A). Amino acid position 70 (E, Glutamic acid, orange) is associated with both pocket 4 of HLA-DQ (HLA-DQA1*03:03, HLA-DQB1*04:01) (B). The HLA-DQβ1 amino acid positions 85 (L, Leucine, green) and 89 (T, Threonine, purple) compose pocket 1 of HLA-DQ molecule (B). Amino acid positions 85 (Glu, Glutamic acid, green) and 86 (A, Alanine, purple) compose pocket 1 of HLA-DP molecule (HLA-DPA1*02:02, HLA-DPB1*05:01) (C). Pocket: peptide-binding groove pocket.







Epitope predictions and in vitro binding of human proinsulin peptides to HLA-DP5 and HLA-DP15

Regarding binding of HLA-DP5 and human proinsulin, binding affinity of the signal peptide (AA 1-24) was predicted to be low (possessing high %RANK) (Table 4) (Figure 6A). In the remaining region (AA 25-110), two epitope candidate regions (AA 43-60 and AA 53-67) were predicted. Five peptides in the regions were strong binders. Other 13 peptides were predicted as intermediate binders. In addition to the 18 peptides, 16 overlapping peptides were synthesized to cover the whole portion. Subsequently, a total of 34 overlapping 15-mer human proinsulin-derived peptides were synthesized and subjected to in vitro peptide binding assay (Table 4). Besides, proinsulin epitope binding predictions to HLA-DP15 were similarly shown in Table 4. The proinsulin binding predictions to HLA-DR5 or to HLA-DP15 were different, but all portions in proinsulin including C-peptide region (AA57-87) showed binding predictions to both alleles.


Table 4 | Human proinsulin-derived peptides and their affinities to HLA-DP5 and HLA-DP15 in silico and in vitro.






Figure 6 | Binding affinities of the peptides derived from human proinsulin to HLA-DP5 (HLA-DPA1*02:02, HLA-DPB1*05:01) or HLA-DP15 (HLA-DPA1*02:02, HLA-DPB1*15:01) molecules are shown as %RANK in silico (A), and shown as REVEAL score in vitro (B). Horizontal numbers indicate peptide numbers used in the study (shown in Table 4). Note that lower %RANK means predicted strong binder in silico, and higher REVEAL score indicates peptide with high affinity in vitro. Cluster 1 (peptides 6-10) and Cluster 2 (peptide 31-34) were shown with blue and red line, respectively.



Then in vitro peptide binding assay was conducted, and remarkably, in the insulin B chain (AA25-54) and insulin A chain (AA90-110), two clusters were identified (peptides 6-10: AA 29-57 as cluster 1 and peptides 31-34: AA 84-110 as cluster 2) for HLA-DP5 and also for HLA-DP15 (Table 4) (Figure 6B). Moreover, peptides in the C-peptide region (AA57-87) bound to neither HLA-DP5 nor HLA-DP15.






Discussion

A total of 47 patients with malignancies who had been treated with ICI were subjected to HLA typing by next generation sequencing. T1DM developed in twelve and the remaining thirty-five served as controls. In allele and haplotype analyses, the patients had an increase of HLA-DRB1*04:05, DQB1*04:01, and in particular of DPB1*05:01. Indeed, 17/24 (71%) alleles were DPB1*05:01 among the patients compared with 24/70 (34%) in the controls. Moreover, significant amino acid polymorphisms at HLA-DR, DQ, and DP allele were identified that might contribute to the development of ICI-T1DM, probably with conformational alterations in the peptide-binding groove in each HLA-class II molecule. HLA-DP5 was found to be more strongly related to amino acid polymorphisms. As the peptide-binding groove dictate peptide binding, we scanned proinsulin in silico as a hypothetical autoantigen and novel human proinsulin epitope clusters in insulin B and A chains were discovered for HLA-DP in vitro. Our findings are promising suggestion of a possible association between HLA and ICI-T1DM through proinsulin peptide binding studies.

In comparison with our previous study (5), the current study was conducted on a larger scale with confirmation of HLA-DPB1*05:01 predominance in ICI-T1DM than those of general controls and ICI-controls with the same ethnic background. Current study may also support other reports describing that HLA-DR4 alleles are increased in patients with ICI-T1DM in the United States (21, 22), although these studies are not at the detailed allelic levels. Based on the conditional multiple regression analysis, in addition to HLA-DPB1*05:01 allele, alleles of HLA-DRB1*04:05 and DQB1*04:01, and HLA-DRB1*04:05-DQB1*04:01 haplotype were found to be susceptible to ICI-T1DM (Tables 2A–E) . HLA-DRB1*04:05-DQB1*04:01 haplotype and HLA-DRB1*04:05-DQB1*04:01-DPB1*05:01 haplotype predominance in ICI-T1DM also suggested that HLA-DP5 controls immune reaction of HLA-DR and DQ as mentioned below.

Then we disentangled amino acid polymorphisms at positions 9 and 57 (P9) and 86 (P1) of HLA-DRβ1, position 70 (P4 and P7) and positions 85 and 89 (P1) of HLA-DQβ1, and positions 85 and 86 (P1) of HLA-DPβ1 (Figures 5A–C). These amino acids contribute to the formation of the peptide-binding grooves on HLA-class II molecules, therefore may functionally contribute to the epitope presentations. Notably, patients with ICI-T1DM in Japan have been reported to have HLA-DRB1*11:01/ *13:02 (23), DRB1*04:05 (24–26), DRB1*04:06 (26), and DRB1*09:01 (25), and all of patients above had G86 at HLA-DRβ1. Particularly, both HLA-DRB1*04:05 and DRB1*09:01 have G86 at HLA-DRβ1, and were reported to be associated with T1DM (27). Conversely, HLA-DRB1*15:01, a protective allele for T1DM has V86 at HLA-DRβ1 (27), and HLA-DRB1*15:01 was not seen in patients with ICI-T1DM in the current study. Therefore, G86 and V86 seemed to be disease-promotion and protection alleles, respectively, at HLA-DRβ1, in association with (P1). Todd, et al. reported strongly conserved Asp (D) at position 57 (P1, P9) of HLA-DQβ1 with disease susceptibility in patients with T1DM (28), and D at position 57 (P1, P9) of HLA-DRβ1 seemed to play a strong protective role in ICI-T1DM in the current study (Figure 5A). Then, stepwise selection and multivariate analysis revealed that β205 at HLA-DPβ1 was most important (Table 3). Therefore, we speculated the amino acid polymorphism β205 at HLA-DPβ, which locates outside of the peptide-binding groove in HLA-DPβ1, may be related to interactions such as HLA-DM, or to alterations in signal transduction within the HLA molecule.

Taken together, significances of HLA-DP5 in ICI-T1DM were observed. Next, we conducted human proinsulin peptide binding prediction to HLA-DP molecules to ensure effective epitope presentation in ICI-T1DM (Table 4) (Figure 6A). Predicted binding affinities and in vitro binding results were quite different for HLA-DP5, especially in the C-peptides region, for reasons unknown (Figures 6A, B). Remarkably, insulin B chain epitope (cluster 1): AA 29-57, and the insulin A chain epitope (cluster 2): AA 84-110 were established in vitro binding assay (Figure 6B). Among them, peptide 9 (AA 42-56), VCGERGFFYTPKTRR (core sequence underlined), was predicted as intermediate binders and also exhibited the strongest in vitro peptide binding, thus is mostly expected to be immunogenic T-cell epitope. Insulin peptide B9-23 (AA 33-47) has been reported to be a major autoantigen to induce immunity in the nonobese diabetic mouse, and is also included in the cluster 1 (19). Mannering et al. reported that cells transfected with HLA-DRB1*04:05 presented insulin A1–13 (AA 88-102) which is the identical to the peptide 32 (20). HLA-DP15 has not been reported as a risk allele in ICI-T1DM, but showed similar in vitro proinsulin epitopes to HLA-DP5 (cluster 1 and cluster 2) (Figure 6B). Despite the dissimilarities in amino acid sequence between HLA-DPB1*05:01 and HLA-DPB1*15:01, the importance of epitope cluster 1 and cluster 2 was reinforced across the alleles in silico and in vitro (Supplementary Table 6C).

In the development of ICI-T1DM, we hypothesized that the inhibition of immune-checkpoint molecules by ICI induced immunity to pancreatic β-cells, as observed in thyroid follicular epithelial cells during thyroid irAE (5, 29). Antibody-dependent cellular cytotoxicity by ICIs, by cytotoxic T-cells (30), or by both of them, would contribute to the development of ICI-T1DM. We speculate that ICI-T1DM-predisposing HLA may also be involved with malignant diseases. Proinsulin epitope, as well as tumor-associated antigen/neoantigen, could be bound to peptide-binding cleft of HLA, and cross-presented on the surface of antigen-presenting cells due to molecular mimicry (3, 4, 9). Another important topic is the correlation of ICI treatment effectivity and ICI-T1DM. Considering that 8/12 (75%) were ICI-responders in ICI-T1DM group and that generally only 20-30% are responders, common mechanisms between ICI treatment and ICI-T1DM were suggested. Therefore, HLA seemed to be associated with both ICI treatment outcome and risk for an endocrine adverse event. Considering that proinsulin is processing into insulin A chain and B chain, and that epitope clusters were identified in the two chains, evaluation of IAA in the time course may be of interest. As well, anti-GAD65 antibody titers in the course seem to be important.

This study has limitations. Firstly, we have tested proinsulin binding to HLA-DP. Binding studies for HLA-DR and HLA-DQ molecules are also desirable. Secondly, more evidence of immunogenicity of HLA-DP5 from in vitro and in vivo experiments in comparison with HLA-DR/DQ are preferable to confirm the peptide binding data in this study. Thirdly, better investigation of the frequency of HLA-DPB1*05:01, irrespective of ICI treatment is still desirable. Finally, the study consists of a small sample size, so more data with increased numbers may help to establish our results.

In conclusion, HLA-DP5 as a predisposition molecule, and significant amino acid polymorphisms at HLA-class II molecules in patients with ICI-T1DM were established in this study. Based on the silico and in vitro proinsulin peptide-binding study, conformational changes in the peptide-binding groove of the HLA-DP molecules may influence the immunogenicity of proinsulin epitopes in ICI-T1DM. These genetic factors may be utilized for prediction of ICI-T1DM, and also could contribute to elucidation of the mechanism of cancer immunotherapy and ICI-T1DM. Therefore, current study offers safer and more effective management and monitoring options for cancer immunotherapy. Further investigations are warranted to elucidate the relation of ICI- treatment effectiveness and development of ICI-T1DM.
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Background

Chimeric antigen receptor - T (CAR-T) cell therapy has shown remarkable efficacy in patients with relapsed/refractory multiple myeloma (R/R MM). However, a subset of patients still experienced progression or relapse, and the predictors of prognosis are little known. We analyzed the inflammatory markers before CAR-T cell infusion, to clarify their correlation with survival and toxicity.





Methods

This study involved 109 R/R MM patients who received CAR-T therapy between June 2017 and July 2021. Inflammatory markers, including ferritin, c-reactive protein (CRP), and interleukin-6 (IL-6) before CAR-T cell infusion were detected and then categorized by quartiles. Adverse events and clinical outcomes were compared between patients with upper quartile of inflammatory markers and patients with lower three quartiles of inflammatory markers. An inflammatory prognostic index (InPI) based on these three inflammatory markers was developed in this study. Patients were divided into 3 groups according to the InPI score, progression-free survival (PFS) and overall survival (OS) were compared among the groups. In addition, we explored the correlation between cytokine release syndrome (CRS) and pre-infusion inflammatory markers.





Results

We found that the pre-infusion high ferritin (hazard ratio [HR], 3.382; 95% confidence interval [CI], 1.667 to 6.863; P = .0007), high CRP (HR, 2.043; 95% CI, 1.019 to 4.097; P = .044), and high IL-6 (HR, 3.298; 95% CI, 1.598 to 6.808; P = .0013) were significantly associated with inferior OS. The formula of the InPI score was based on the HR value of these 3 variables. Three risk groups were formed: (good, 0 to 0.5 point; intermediate, 1 to 1.5 points; poor, 2 to 2.5 points). Median OS for patients with good, intermediate, and poor InPI was not reached, 24 months, and 4 months, respectively, and median PFS was 19.1 months, 12.3 months, and 2.9 months, respectively. In the cox proportional hazards model, poor InPI remained an independent prognostic factor for PFS and OS. Pre-infusion ferritin was negatively associated with CAR T-cell expansion normalized to baseline tumor burden. Spearman correlation analysis showed that pre-infusion ferritin and IL-6 levels positively correlated with the grade of CRS (P = .0369 and P = .0117, respectively). The incidence of severe CRS was higher in patients with high IL-6 compared with patients with low IL-6 (26% vs. 9%, P = .0405). Pre-infusion ferritin, CRP and IL-6 were positively correlated with each peak values within the first month after infusion.





Conclusions

Our results suggest that patients with elevated inflammation markers before CAR-T cell infusion are more likely to have poor prognosis.
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Introduction

Chimeric antigen receptor - T (CAR – T) cells, which could recognize and kill tumor cells through major histocompatibility complex (MHC)-unrestricted pattern, is very promising in the era of immunotherapy (1). Multiple clinical trials have demonstrated unprecedented response rates of anti-BCMA CAR-T therapy in relapsed/refractory multiple myeloma (R/R MM) patients, regardless of previous treatment, ISS stage and cytogenetic risk (2). However, there was significant discrepancy in respect to long-term outcomes, and some patients experienced early progression or relapse (3, 4). Efforts have been made to boost and prolong the efficacy, including in vitro enriching memory phenotype T cells through culturing CAR-T cells with PI3K inhibitors (5), combination of γ-secretase inhibitor to increase the BCMA expression on the surface of MM cells (6) and “armed” CAR-T cells to transform an immune-suppressive signal into an immune-stimulatory signal (7).

Although the improvement of CAR-T cells and the exploration of new targets are undoubtedly critical, the identification of prognostic markers is also needed to help us distinguishing patients with poor prognosis for early intervention. It is generally believed that inflammation is critical for the oncogenesis and progression of tumor (8). A peripheral pro-inflammatory status has been reported to be related with worse outcomes in tumor patients treated with immune checkpoint inhibitors (9–11). Inflammatory markers, such as ferritin, c-reactive protein (CRP) and interleukin-6 (IL-6) have been widely proved to be related with cytokine release syndrome (CRS) during CAR-T cell therapy (12–15). The occurrence of severe CRS is associated with high early mortality (16), and the CRS-related complications such as delayed hematopoietic recovery, coagulopathy and cardiac disorders will also dispose patients to poor outcomes (17–19). To date, there are limited data regarding the correlation of circulating inflammatory markers and the prognosis of CAR-T therapy in the setting of MM. Herein, we conducted a retrospective study to clarify their correlation in a relatively large cohort of 109 R/R MM patients.





Patients and methods




Study population

This retrospective study included 109 patients with R/R MM treated with anti-BCMA CAR-T cells alone (Chinese Clinical Trial Registry, ChiCTR-1900026219) or combined with anti-CD19 CAR-T cells (ChiCTR-OIC-17011272) at the Affiliated Hospital of Xuzhou Medical University between June 2017 and July 2021. This study was approved by the Ethics Committee of Affiliated Hospital of Xuzhou Medical University and was conducted in accordance with the Declaration of Helsinki. The detailed inclusion and exclusion criteria could refer to previous studies (20, 21). Lymphodepletion conditioning chemotherapy was carried out in all patients, the regimen was fludarabine (30 mg/m2/d, days -5 to -3) and cyclophosphamide (750 mg/m2/d, day -5).





Data collection and therapeutic evaluation

Disease characteristics of patients were collected at enrollment, including age, gender, MM type, prior treatment, cytogenetic abnormalities. Laboratory data was obtained by retrieving electronic medical records. Baseline lactate dehydrogenase, albumin and beta-2 microglobulin data were defined as the latest data within 15 days prior to lymphodepletion. Baseline values of ferritin, CRP, and IL-6 were collected within 3 days before the CAR-T cell infusion, peak values were collected during the first month after infusion. CAR-T cell counts in peripheral blood were measured by flow cytometry at day 7, day 14, day 21, and day 28 post infusion. Efficacy was assessed according to the International Myeloma Working Group criteria (22). The severity of cytokine release syndrome (CRS) was evaluated according to the ASTCT consensus (23).





Statistical analysis

The deadline of follow-up for this study was August 31, 2022. OS was defined as the time from CAR T-cell infusion to death of any cause. Progression-free survival (PFS) was calculated from infusion to disease progression or death. Duration of response (DOR) was defined as the time from first partial response (PR) to progression or death. Quartile analysis was used to define the patients with high ferritin, high CRP and high IL-6, i.e., the upper quartile defined as high value, the lower three quartiles defined as low value. The difference between categorical variables was analyzed by Fisher’s exact test. The correlation between continuous variables was calculated by Spearman’s rank-order test. The log-rank test was used to compare the survival difference between groups. Factors with a P value <.2 or with clinical significance were included in the multivariate cox proportional hazards model. Two-sided P value <.05 was considered statistically significant. Statistical analysis was performed using SPSS 19.0 (IBM Corp., Armonk, NY, USA).






Results




Patient characteristics

Baseline characteristics of 109 patients with R/R MM treated with CAR-T cells are summarized in Table 1. The median age was 57 years (range, 30 to 70 years). 59% of the patients were male. At enrollment, 32 (29%) of the patients had extramedullary disease (EMD), 22 (20%) had high-risk cytogenetics aberrations, 37 (34%) had revised international staging system (R-ISS) stage III diseases. Patients had a median of 4 lines of prior therapy. A total of 28% patients received prior autologous hematopoietic stem cell transplantation. The pre-infusion median ferritin was 469.2ng/mL (interquartile range [IQR], 251.8 – 882.3 ng/mL), and 62 (57%) patients had ferritin above the upper limit of normal (ULN). Median CRP was 5mg/L (IQR, 1.9 – 20.3 mg/L), and above the ULN in 53 (49%) patients. Median IL-6 was 7.6pg/mL (IQR, 3 – 14.1 pg/mL), and above the ULN in 55 (50%) patients.


Table 1 | Baseline characteristics of 109 patients.







Correlation between pre-infusion inflammatory markers and patient characteristics

Quartiles method was used to classify patients with high ferritin (> 882.3 ng/mL), high CRP (> 20.3 mg/L) and high IL-6 (> 14.1 pg/mL), i.e., the upper quartile was defined as high value. We then analyzed the correlation between these inflammatory markers and patients’ clinical and biological indicators. Both age, gender, high-risk cytogenetic, prior treatment and disease stage had no correlation with high-level pre-infusion inflammatory markers (Table S1). Interestingly, a significant higher proportion of patients with light chain myeloma had high ferritin (46% vs. 17%, P = .0021), high CRP (39% vs. 20%, P = .039), and high IL-6 (39% vs. 20%, P = .039) compared with those with non-light chain myeloma (Table S1). Patients with high ferritin had a higher tumor burden (median plasma cells in bone marrow, 38% vs 11%, P = .003) than those with low ferritin, also, there was a weak but significant association between ferritin levels and tumor burden (Spearman r = 0.2543, P = .0076) (Table S1 and Figure S1). However, we found no correlation between pre-infusion CRP and IL-6 with tumor burden.





Relationship between pre-infusion inflammatory markers and treatment response

The overall response rate was 85% (93/109) within 3 months after the infusion of CAR-T cells. Seventy-nine patients achieved a very good partial response (VGPR) or better response, and these patients had lower pre-infusion ferritin and IL-6, but not statistically significant (Figure S2). Except for high ferritin tended to be associated with decreased VGPR or better response rate (59% vs. 77%, P = .087), we found no significant association between other inflammatory markers and response rates (Table S2).

We further evaluated if there was a relationship between pre-infusion inflammatory markers and in vivo CAR T-cell expansion. However, Pre-infusion ferritin, CRP, and IL-6 were not associated directly with in vivo CAR T-cell expansion at indicated time points (days 7, 14, 21, and 28 post infusion) (Figure S3). Interestingly, ferritin, but not CRP and IL-6, was significantly (P <.05) but modestly (Spearman r < -0.3) associated with lower CAR T-cell expansion normalized to baseline tumor burden at days 7, 14, and 21 post infusion (Figures 1, S4).




Figure 1 | Correlation between pre-infusion ferritin and in vivo CAR T-cell expansion normalized to tumor burden during the first month following CAR-T cell infusion. At day 7, 14, and 21 post infusion (A–C), CAR-T cell expansion normalized to baseline tumor burden was negatively correlated with ferritin, and the correlation did not remain at day 28 (D). Tumor burden was defined as percentage of plasma cells in bone marrow. Spearman r value was calculated using the Spearman's correlation test.







High inflammatory markers were associated with decreased PFS and OS

The patients with high ferritin had significantly poorer OS and PFS compared with those with low ferritin (median OS: 14 months vs. 50.2 months, HR 3.382, P = .0007; median PFS: 5.7 months vs. 19 months, HR 2.611, P = .0015) (Figures 2A, 3A). High IL-6 also had similar adverse effects on OS and PFS (median OS: 14 months vs. not reached (NR), HR 3.298, P = .0013; median PFS: 8.4 months vs. 17.8 months, HR 2.026, P = .018) (Figures 2C, 3C). Patients with high CRP had inferior OS than patients with low CRP (median of 15.4 months vs. 36.5 months, HR 2.043, P = .044), but the difference in PFS was not significant (median of 10.3 months vs. 16.5 months, HR 1.261, P = .4142) (Figures 2B, 3B).




Figure 2 | Overall survival (OS) according to inflammatory markers and InPI index. The patients with ferritin > 920 ng/mL (A), CRP > 20.3 mg/L (B), IL-6 > 14.1 pg/mL (C) and intermediate to poor InPI (D) had inferior OS. Survival curves were drawn according to the Kaplan-Meier method. The log-rank test was used to compare the difference in survival probability between two groups.






Figure 3 | Progression-free survival (PFS) according to inflammatory markers and InPI index. The patients with ferritin > 920 ng/mL (A), IL-6 > 14.1 pg/mL (C) and intermediate to poor InPI (D) had inferior PFS. No significant association was found between CRP and PFS (B). Survival curves were drawn according to the Kaplan-Meier method. The log-rank test was used to compare the difference in survival probability between two groups.



Based on the HR values of ferritin, CRP and IL-6, inflammatory prognostic index (InPI) was developed, 0.5 point was assigned to high CRP, and 1 point was each assigned to high ferritin and high IL-6. According to the InPI score, patients were divided into 3 risk categories: good, 0 to 0.5 point; intermediate, 1 to 1.5 points; poor, 2 to 2.5 points. 67 (61%) of the patients had good InPI, 30 (28%) had intermediate InPI, and 12 (11%) had poor InPI. The median OS for patients with good, intermediate, and poor InPI was NR, 24 months (95% CI, 17.3 months to 30.7 months), and 4 months (95% CI, 0 to 9.4 months), respectively, and median PFS was 19.1 months (95% CI, 12.2 months to 26.0 months), 12.3 months (95% CI, 9.8 months to 14.9 months), and 2.9 months (95% CI, 0 to 6.8 months), respectively (both P <.0001) (Figures 2D, 3D).

To further determine whether InPI index was an independent prognostic factor for PFS and OS, we introduced potential influence covariates, including age, gender, EMD, number of therapy lines, type of MM, high-risk cytogenetic, R-ISS stage, tumor burden and InPI into cox proportional hazard model. The results showed that high InPI score still had independent adverse influence on OS (P = .009) and PFS (P = .01) even after adjusting for tumor burden (Table 2). In addition, high tumor burden was independent risk factor for PFS (HR: 2.512, 95% CI: 1.408 – 4.48, P = .002) and OS (HR: 2.249, 95% CI: 1.091 – 4.637, P = .028). EMD was independent risk factor for OS (HR: 2.077, 95% CI: 1.015 – 4.251, P = .046).


Table 2 | Univariate and multivariate analysis of PFS and OS.







High inflammatory markers were associated with decreased DOR

Pre-infusion increases in ferritin and IL-6, but not CRP, were significantly associated with decreased DOR (HR 2.269, 95% CI 1.152 to 4.469, P = .0179, for high ferritin; HR 2.224, 95% CI 1.130 to 4.377, P = .0207, for high IL-6) (Figures S5A–C). The median DOR for patients with good, intermediate, and poor InPI was 21.1 months (95% CI, 14.1 months to 28.1 months), 13.8 months (95% CI, 6.4 months to 21.2 months), and 4 months (95% CI, 1.2 months to 6.8 months), respectively (Figure S5D).





The correlation between pre-infusion inflammatory markers and CRS

Of all patients, 91% experienced CRS. Grade 3 or higher CRS, defined as severe CRS, occurred in 14 (13%) patients. Median time to onset of CRS was 7d (0 – 28d), median duration of CRS was 4d (1d - 25d). Patients with lower pre-infusion concentration of ferritin and IL-6 were more likely to develop non-severe CRS than severe CRS (Table 3). When considering the severity of CRS as continuous variable, the levels of pre-infusion serum IL-6 (Spearman r = 0.241, P = .0117) and ferritin (Spearman r = 0.2, P = .0369) were positively correlated with the grade of CRS, no correlation was found between CRP concentration and CRS grade (Figures 4A–C). In addition, there was no correlation between inflammatory markers and the onset time of CRS or duration of CRS (Figures 4D–I). Furthermore, we found that the levels of pre-infusion ferritin, CRP and IL-6 were positively correlated with the post-infusion peak values of each of these markers (Spearman r = 0.49, P <.0001; Spearman r = 0.428, P <.0001; Spearman r = 0.352, P = .0002; respectively) (Figures 5A, E, I). Pre-infusion ferritin correlated with the peak values of CRP and IL-6 (Figures 5B, C), but the peak ferritin did not correlate with pre-infusion CRPand IL-6 (Figures 5D, G). There were positive correlations between IL-6 and CRP, regardless of baseline and peak values (Figures 5F, H). The InPI score also had positive correlation with the post-infusion peak levels of ferritin, CRP and IL-6 (Figures 5J–L).


Table 3 | Association between pre-infusion inflammatory markers and CRS.






Figure 4 | The correlation between inflammatory markers and CRS. (A, C) Pre-infusion ferritin and IL-6 correlated with the grade of CRS. (B) Pre-infusion CRP had no correlation with the grade of CRS. (D–I) The pre-infusion ferritin, CRP and IL-6 had no correlation with the onset and the duration of CRS. Spearman r value was calculated using the Spearman’s correlation test.






Figure 5 | The correlation between pre-infusion inflammatory markers, InPI score and the post-infusion peak inflammatory markers. (A–C) Pre-infusion levels of ferritin correlated with the peak values of ferritin, CRP and IL-6. (D, G) Pre-infusion CRP and IL-6 had no correlation with peak ferritin. (E, F) Pre-infusion CRP correlated with peak CRP and IL-6. (H, I) Pre-infusion IL-6 correlated with peak CRP and IL-6. (J–L) InPI score positively correlated with peak ferritin, CRP, and IL-6. Spearman r value was calculated using the Spearman’s correlation test.








Discussion

Due to the high financial cost and the potentially life-threatening toxicities, it is of particular importance to early identify patients who will not benefit or less benefit from CAR-T cell therapy. Except for EMD, there are still no validated biomarkers for predicting prognosis in R/R MM patients following CAR-T therapy.

A cohort of 17 patients treated with LCAR-B38M revealed that EMD and anti-CAR T antibody constituted risk factors for early recurrence and progression (24). Que and colleagues found that the patients who had more than 6 lines of prior therapy had shorter PFS and OS, but when incorporating EMD into multivariate analysis, > 6 lines of therapy lost its predictive value, only EMD being an independently significant prognostic factor (25). Recently, zhang et al. reported that EMD, light chain type, high-risk cytogenetics, and > 3 prior therapeutic lines were independent risk factors of PFS, ECOG score of 2 and light chain type were independent risk factors of OS (26). Our results also showed that EMD was an independent risk factor that associated with OS. Besides, light chain type MM was identified as one of the risk factors for inferior OS in the univariate analysis, a marginal significant correlation remained in the multivariate analysis, though the exact mechanism is not clear. We think it deserve further study to verify and make clear of these findings.

An in-depth analysis from ZUMA-1 study in large B-cell lymphoma demonstrated that the levels of ferritin and IL-6 before CAR-T cell infusion had negative correlation with durable remission rates (27). One real world study of Axicabtagene Ciloleucel in patients with R/R B-cell non-Hodgkin lymphoma suggested that low CRP levels at baseline was associated with better response (28). However, the effect of inflammation on the prognosis of CAR-T therapy has not been reported in myeloma patients. Hence, we conducted a post-hoc analysis to elucidate their correlation. Our study proved that both pre-infusion high ferritin, high IL-6, and high CRP were risk factors for long-term survival, and patients with high ferritin and high IL-6 had shorter duration of remission. Further, we established a scoring system based on these three inflammatory indicators, defined as InPI index in this context. The InPI index helped us distinguished three groups of patients with different prognosis, the patients with a score of 2 to 2.5 points had the worst survival. Since high inflammation might partly be a proxy for disease burden or aggressive disease, we therefore brought variables that pertain to disease burden into multivariate analysis to determine the independent effect of InPI index. The results showed that after account for high tumor burden and EMD, poor InPI remained an independent predictor for durable remission and survival.

Inflammation has been extensively studied in the malignant progression of tumors, either by acting on cancerous cells or by acting on anti-tumor immunity (29, 30). The pro-inflammatory cytokine IL-6 might impair anti-tumor immunity through multi-aspect. It could restrict the differentiation of Th1 cells and decrease the production of interferon-γ, resulting in less mounting of CD8+ cytotoxic T cells in anti-tumor response (31). Besides, IL-6 could promote the differentiation of Th2 and Th17 cells, thereby tilt anti-tumor immune response to an immunosuppressive response (32, 33). Acute phase proteins such as CRP, fibrinogen and ferritin could be rapidly synthesized in liver after the stimulation of IL-6 (34). Our study also showed that high-level ferritin at baseline might adversely influence in vivo CAR-T amplification. These and our results led to a hypothesis that inflammation might be one of the most relevant factors for disease progression and long-term survival in CAR-T therapy, partially by affecting the activation and expansion of effector T cells.

Despite the superior efficacy of CAR-T therapy, its benefits might be offset by the serious adverse effects after infusion. CRS and immune effector cell-associated neurotoxicity syndrome (ICANS) are common adverse effects which are associated with endothelial activation injury and cytokine release. Due to the low incidence of ICANS in our center, we did not further discuss it. According to our recently published data, the occurrence of severe CRS was associated with poorer survival (15). Therefore, it is necessary to identify patients who will develop severe CRS preemptively. In this study, we found that the patients with high ferritin and IL-6 before CAR-T infusion had increased rates of severe CRS, and these inflammatory markers’ baseline levels positively correlated with the peak values after infusion. Peak levels of inflammatory markers had been reported to be correlated with the occurrence and the severity of CRS (35–38). Hay and colleagues reported that the pre-existing endothelial activation before conditioning and CAR-T cell infusion might increase the risk of severe CRS in patients receiving anti-CD19 CAR-T treatment (39). Researchers from University of Pennsylvania found that blood vessel endothelial cells are a key source of IL-6 during CRS (40). Together, these findings indicated that elevated pre-infusion inflammation might increase the risk of developing severe CRS. Although the small sample size of severe CRS in our cohort may limit the statistical power to detect the effect of pre-infusion inflammation on CRS, these might be important markers of concern. As the current predictive power of peak inflammatory markers usually occurs after severe symptoms have already appeared.

To our knowledge, this is the first study to illustrate the importance of pre-infusion inflammation on prognosis in R/R MM patients receiving CAR-T cell therapy. However, there are some limitations to our study. It is a single-center retrospective study. We had limited data to interpret the effect of inflammation at the time of apheresis on prognosis. In addition, because our findings were from a retrospective study, we did not take special interventions to ameliorate inflammation before CAR-T cell infusion. We also appreciate that there will be prospective studies to validate our findings by using commercial CAR-T products.





Conclusion

In conclusion, pre-infusion inflammation markers were useful predictors of durable remission and long-term survival, and might be risk factors for the subsequent development of severe CRS. Our data suggest that treating patients’ pre-infusion inflammation earlier in their course may improve durability of response to CAR-T cell therapy.
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Introduction

Gastric cancer (GC) is the fifth most common tumor, contributing to the third-highest number of cancer-related deaths. Hypoxia is a major feature of the tumor microenvironment. This study aimed to explore the influence of hypoxia in GC and establish a hypoxia-related prognostic panel.





Methods

The GC scRNA-seq data and bulk RNA-seq data were downloaded from the GEO and TCGA databases, respectively. AddModuleScore() and AUCell() were used to calculate module scores and fractions of enrichment for hypoxia-related gene expression in single cells. Least absolute shrinkage and selection operator cox (LASSO-COX) regression analysis was utilized to build a prognostic panel, and hub RNAs were validated by qPCR. The CIBERSORT algorithm was adopted to evaluate immune infiltration. The finding of immune infiltration was validated by a dual immunohistochemistry staining. The TIDE score, TIS score and ESTIMATE were used to evaluate the immunotherapy predictive efficacy.





Results

Hypoxia-related scores were the highest in fibroblasts, and 166 differentially expressed genes were identified. Five hypoxia-related genes were incorporated into the hypoxia-related prognostic panel. 4 hypoxia-related genes (including POSTN, BMP4, MXRA5 and LBH) were significantly upregulated in clinical GC samples compared with the normal group, while APOD expression decreased in GC samples. Similar results were found between cancer-associated fibroblasts (CAFs) and normal fibroblasts (NFs). A high hypoxia score was associated with advanced grade, TNM stage, N stage, and poorer prognosis. Decreased antitumor immune cells and increased cancer-promoting immune cells were found in patients with high hypoxia scores. Dual immunohistochemistry staining showed high expression of CD8 and ACTA2 in gastric cancer tissue. In addition, the high hypoxia score group possessed higher TIDE scores, indicating poor immunotherapy benefit. A high hypoxia score was also firmly related to sensitivity to chemotherapeutic drugs.





Discussion

This hypoxia-related prognostic panel may be effective in predicting the clinical prognosis, immune infiltrations, immunotherapy, and chemotherapy in GC.
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1 Introduction

Gastric cancer (GC) is the fifth most prevalent cancer globally, causing the third most cancer-related death worldwide (1). Exceeding 1 million individuals have been diagnosed with GC, and 784000 deaths were caused by GC worldwide in 2018. Although some advances have been achieved in both diagnosis and therapy, the survival rate of GC is still unsatisfactory in many countries (2). The current dilemma of gastric cancer includes the lack of effective early diagnosis, poor clinical outcomes, and high metastasis and recurrence rates.

The tumor microenvironment consists of inflammatory cells, cancer-associated fibroblasts (CAFs), nerves, and vascular endothelial cells (3). The interaction of components in the tumor microenvironment promotes tumour progression. Hypoxia is a vital feature of the tumor microenvironment (TME) in solid tumors and is associated with various cancer features, such as metabolic reprogramming, impaired immune response, and increased genomic instability (4). Hypoxia can enhance tumor cell proliferation, immune escape, and inflammation, induce angiogenesis and activate invasion, consequently leading to the aggression, metastasis, and drug resistance of gastric cancer (5, 6). Hypoxia is associated with tumor malignancy progression, treatment resistance, and poor clinical prognostic outcomes for patients (7). Hypoxia-related genes improve proliferation and distant metastasis through the miR-30c-2-3p/LOX axis in GC (8). The downregulation of miR-4521 caused by hypoxia inhibits the progression of gastric carcinoma by regulating the expression of IGF2 and FOXM1 (9). The lncRNA-CBSLR, which is induced by hypoxia, regulates ferroptosis in gastric cancer by modulating CBS through a m6A-YTHDF2-dependent mechanism (10). SERPINE1 and EFNA3 might be hypoxia-related prognostic factors in GC (11). Hypoxia-induced lncRNAs could facilitate the invasion of GC by interacting with SNAI1 (12).

At present, several studies have elaborated on the mechanism by which hypoxia regulates the physiological changes in gastric cancer, but the mechanism needs further elucidation. Elucidating the hypoxia-related pathogenesis and identifying effective biomarkers of gastric cancer are meaningful for improving the diagnosis, prevention and management of GC.

In this study, we aimed to develop a hypoxia-related prognostic panel to predict the immune microenvironment (TME) in GC patients. First, GC scRNA-seq data were obtained from the GEO database, and bulk RNA-seq data were obtained from the TCGA database. The hypoxia hallmark genes were utilized to calculate the hypoxia score and AUC value. Least absolute shrinkage and selection operator Cox (LASSO-COX) regression analysis was utilized to build a novel hypoxia score-related prognostic panel. The CIBERSORT algorithm was manipulated to analyze the relationship between the infiltration of immune cells and the hypoxia score. The tumor immune dysfunction and exclusion (TIDE) score and T-cell-inflamed signature (TIS) score were used to evaluate the immunotherapy predictive efficacy of the hypoxia score.




2 Methods



2.1 Data acquisition

The processing flow of this research is shown in Figure 1. The GC scRNA-seq data GSE183904 were accessed from the GEO database (https://www.ncbi.nlm.nih.gov/geo/), which included 10 normal tissue samples, 26 GC tissue samples, 3 peritoneum tissue samples from GC patients and 1 normal peritoneum tissue sample. Bulk RNA-seq data for GC were accessed from the TCGA database (https://portal.gdc.cancer.gov/) comprising 32 normal tissues and 375 gastric cancer tissues. Clinical data and survival data were also retrieved.




Figure 1 | Flowchart of the study.






2.2 Processing of scRNA-seq data

GC scRNA-seq data were analyzed by using the single-cell analysis R package “Seurat”. The preliminary data screening process was carried out according to this standard: the number of genes detected in a single cell was more than 200 and less than 5,000, and the mitochondrial gene count was 20%.

The SCTransform() function of the Seurat package was utilized to preprocess and reduce the batch effect to integrate different single-cell transcriptome samples, and 5000 highly variable genes were chosen by SelectIntegrationFeatures() for anchoring. Then, RunPCA() was adopted to reduce the dimension of PCA with dim = 20 to further reduce dimensionality with the UMAP method according to ElbowPlot(), and the resolution was set to 0.4 for cluster analysis using the FindClusters() function. Uniform Manifold Approximation and Projection (UMAP) is an algorithm that reduces dimensionality by mapping a high-dimensional probability distribution to a low-dimensional space. Finally, we identified 10 cell types based on typical cell markers.




2.3 Score according to hypoxia-related hallmark genes

To calculate module scores and the fraction of enrichment for hypoxia-related gene expression in single cells, AddModuleScore() and AUCell() were performed. The hypoxia hallmark gene was downloaded from the Molecular Signatures Database (http://www.gsea-msigdb.org/gsea/msigdb/index.jsp), which incorporates 200 genes widely employed in cancer research. We calculated the hypoxia score and AUC value in each cell type with the 200 hypoxia-related hallmark genes.




2.4 Gene set variation analysis

GSVA was used to sequence the different genes in normal and GC tissue, aiming at evaluating the enrichment of hallmark gene sets in the differential gene list. DEGs were screened using FindMarkers(), with the expression ratio of the least differential genes set to 0.25. The hallmark gene sets were accessed from the MSigDB database with the R package “msigdbr”, species = “Homo sapiens”, category = “H”.




2.5 Least absolute shrinkage and selection operator cox regression analysis

To formulate the hypoxia-based prognostic panel, LASS analysis was employed to select reliable genes related to the clinical outcome of GC patients from the TCGA cohort. We calculated the hypoxia score for every GC patient with the following formula: score= Σ coefficient mRNAn * expression level mRNA. Patients were divided into two groups according to the calculated scores. Follow-up analysis will focus on patients with different hypoxia scores.




2.6 Clinical specimen collection and ethics approval

Gastric cancer and normal samples were accessed from the Seventh Hospital of Sun Yat-sen University. The sample collection procedure was approved by the Sun Yat-sen University Health Science Institution Review Board (No. KY-2022-051-02). All tissues were preserved at -80 degrees for further study.




2.7 Cell isolation and cell culture

The GC cell line MKN45 and normal control GES1 cells were purchased from Shanghai Institute of Cell Biology, Chinese Academy of Sciences (Shanghai, China). MKN45 and GES1 cells were cultured using RPMI 1640 medium (Gibco) containing 10% fetal bovine serum (FBS, Nanjing BioChannel Biotechnology Co., Ltd., China) in a 37°C, 5% CO2 environment.

To isolate cancer-associated fibroblasts and normal fibroblasts (NFs), gastric cancer tissues and normal tissues were obtained from the Seventh Hospital of Sun Yat-sen University respectively. The tissues were washed three times with PBS containing 1% penicillin streptomycin. The tissue was cut into 1-3 mm pieces using surgical scissors and then digested by adding collagenase IV and shaking for 1-2 hours at 37°C. The precipitate was obtained by centrifugation at 1000 rpm for 10 minutes and the red blood cells were then lysed by adding erythrocyte lysis solution(C3702, Beyotime, China). Digestion was terminated by the addition of a high sugar Dulbecco’s Modified Eagle Medium (11965092, DMEM, Gibco) containing 10% serum and 1% penicillin and streptomycin. The obtained cells are cultured in a CO2 incubator at 37°C with 5% CO2.




2.8 Real-time PCR analysis of hub RNAs identified by LASSO

Several hub RNAs were identified by LASSO analysis. The expression of these hub RNAs was detected by qPCR. Total RNA was extracted from the gastric tissues and cell lines (including GES1 cells, MKN45 cells, NFs and CAFs) with the AG RNAex Pro RNA reagent (Accurate Biology, CAT#AG21102) following the manufacturer’s instructions. cDNA was synthesized using Evo M-MLV reverse transcription master mix (Accurate Biology, CAT# AG11706). qPCR was conducted utilizing a SYBR Green Pro Tag HS premixed qPCR kit (Accurate Biology, CAT# AG11701). The relative expression of the hub RNAs was calculated using the 2–ΔΔCt method. mRNA expression was normalized to β-actin. The primer sequences of all RNAs used for qPCR are recorded in Table S1.




2.9 Hypoxia-related gene analysis

The “findMarkers” function within the Seurat package was utilized to investigate the expression levels of five genes across distinct cell types in single-cell sequencing data. Kaplan-Meier analysis of selected hypoxia-related genes in the TCGA-GC cohort. GEPIA2 database (http://gepia2.cancer-pku.cn/) to explored the associations between CAFs markers (ACTA2, FAP) and genes included in the prognostic panel in gastric cancer.




2.10 Univariate and multivariate Cox regression analysis

To verify whether the hypoxia score was an independent prognostic factor, we performed a Cox regression analysis. The variables included in the univariate Cox regression analysis included age, sex, tumor grade, TNM stage and hypoxia score, and significant factors were included in the multivariate Cox regression analysis. The results are shown in a forest diagram.




2.11 Clinical correlation and survival analysis

For a deeper understanding of the relationship between the hypoxia score and clinical features, clinical correlation analysis was conducted among patients in different groups. Furthermore, we utilized Kaplan−Meier (K-M) analysis to find differences in OS outcomes between the high- and low-score groups. A time-dependent receiver operating characteristic (ROC) curve was generated to determine the predictive ability of the risk model.




2.12 Immune cell infiltration

To analyze the relationship between the infiltration of immune cells and the hypoxia score, the CIBERSORT (HTTPS://cibersort.stanford.edu/) (13) algorithm was adopted to evaluate the infiltration of immune cells in TCGA-GC patients. The Wilcoxon test was applied to analyze the difference in infiltrated immune cells between the high- and low-score groups. The infiltration difference of some functional cells in different score groups was also evaluated with the same method.




2.13 Dual immunohistochemistry staining

The finding of immune infiltration was validated by a dual immunohistochemistry staining. A dual immunohistochemistry staining kit (#DS-0003, ZSGB-BIO, China) was used following the manufacturer’s protocols to assess the association of CD8+ T cell and CAFs in GC tissues. The sections of GC tissue, which had been fixed in formalin and embedded in paraffin, were subjected to deparaffinization in xylene 20 minutes after being heated in an oven at 65°C for 2 hours. Following this, they were rehydrated in 100%, 95%, 85%, and 75% alcohol for 2 minutes each. Antigen retrieval was performed with Citrate solution. All slides were blocked with goat serum buffer at 37°C for 30 min and then incubated with CAFs marker Anti-ACTA2 (1:100, Genxspan, #GXP6460) and CD8 (1:100, Huabio, # ET1606-31) primary antibodies at 4°C overnight. The next day, the slides were incubated with AP-labeled Rabbit and HRP-labeled mouse secondary antibodies at 37°C for 1 hours. Then, the related products were detected with DAB and RED respectively. The nuclei were stained for 1 to 2 minutes using hematoxylin. Finally, the sections were dehydrated, transparent and sealed with gum. The slides were viewed with a microscope and images captured.




2.14 Immunotherapy prediction

To predict the prognostic value of hypoxia scores in immunotherapy patients, time-dependent receiver operating characteristic (ROC) curve analysis was adopted to acquire the area under the curve (AUC). In addition, the tumor immune dysfunction and exclusion (TIDE) score and T-cell-inflamed signature (TIS) score were downloaded online (HTTP://tide.dfci.harvard.edu/) to compare the prognosis among the hypoxia scores, TIDE, and TIS by multiple ROC curves.




2.15 Analysis of the purity of tumors using ESTIMATE

The Estimation of Stromal and Immune cells in Malignant Tumours using Expression data (ESTIMATE) algorithm was employed to calculate the scores of stromal cells, immune cells and tumor cells in the different hypoxia score groups (14). The contents of immune cells and stromal cells in the tumor microenvironment (TME) were obtained for further analysis of the relationship between the hypoxia score and the purity of the tumor.




2.16 Drug sensitivity analysis

The sensitivity of different drugs was predicted in GC patients in the high-hypoxia score subgroup and low-hypoxia score subgroup. The R package pRRophetic was employed to predict drug sensitivity. Significant differences in IC50 between the high and low hypoxia score subgroups were evaluated with the Wilcoxon signed-rank test. The result was visualized with the package “ggplot2”.




2.17 Statistical analysis

R software (version 4.1.2; https://www.R-project.org) and associated R packages were applied in data management, such as the “limma” package for difference analysis between different groups and the “Survminer” package for survival analysis. The Wilcoxon test was conducted to compare the differences among distinct groups. The Spearman correlation method was conducted to calculate the correlation coefficient. All statistical analyses were bilateral, P<0.05. 0.05 was considered statistically significant.





3 Result



3.1 Annotation of cell types and hypoxia score

A total of 73981 cells and 26571 genes were screened from GSE183904. Ten cell types were annotated according to typical cell markers (Figure 2A). The cell markers for annotation are shown in Figure 2B. Hypoxia-related scores and AUCs were the highest in fibroblasts compared with other cell types based on the AddmoduleScore function (Figure 2C) and AUCell (Figure 2D). Therefore, fibroblasts were extracted for subsequent analysis. Three clusters were obtained by secondary clustering of fibroblasts (Figure 3A). Then, the GSVA enrichment score was determined for each cell in the fibroblast subcluster, and the results indicated that the hypoxia-related hallmark was enriched in Cluster 2 of fibroblasts (Figure 3B).




Figure 2 | Overview of single-cell data. (A) UMAP of ten different cell types of samples. (B) Cell markers used to identify cell types. (C) Hypoxia score calculated by the AddModuleScore function. (D) Hypoxia-related AUC calculated by the AUCell function.






Figure 3 | Subpopulation analysis in fibroblast subtypes. (A) UMAP of 3 fibroblast clusters. (B) Hallmarks enriched by GSVA in 3 fibroblast clusters. (C) Volcano maps of up- and downregulated genes in fibroblast Cluster 2. (D) LASSO coefficient distribution of each independent gene. (E) The partial likelihood deviance in LASSO Cox regression analysis.






3.2 Differential gene analysis

The DEGs between fibroblast Cluster 2 and other clusters were screened by the FindMarkers function (logFC>1, p value<0.05, Minpct = 0.25). 166 differentially expressed genes in cluster 2 CAFs between normal and gastric cancer group were identified that were used for follow-up analysis. The volcano map of the differentially expressed genes is shown in Figure 3C. LASSO-Cox regression analysis was conducted to identify the hub genes. The change trajectory of genes is shown in Figures 3D, E. Finally, 5 genes were screened as hypoxia-related genes to construct the hypoxia-related prognostic model, including APOD, BMP4, POSTN, MXRA5 and LBH.




3.3 qPCR validation and Kaplan−Meier analysis of genes included in LASSO model

The differentially expressed genes in the LASSO model were analyzed. Clinical gastric cancer samples were collected to perform qPCR. In terms of expression level, 4 hypoxia-related genes (including POSTN, BMP4, MXRA5 and LBH) were significantly upregulated in clinical GC samples compared with the normal group, while APOD expression decreased in GC samples (TCGA cohort-Figure 4A; clinical samples-Figure 4B). Furthermore, the expression of these hub genes was detected by PCR in cell lines. Consistent with the tissue results, POSTN, BMP4, MXRA5 and LBH were significantly upregulated and APOD was decreased in MKN45 cells compared with normal control cells (Figure 4C). Besides, we detected the expressions of genes included in the prognostic panel in NFs and CAFs. The CAFs marker ACTA2 and FAP significantly upregulated in CAFs compared with NFs. POSTN, BMP4, MXRA5 and LBH were significantly upregulated and APOD was decreased in CAFs compared with NFs (Figure 4D).




Figure 4 | Characteristics of 5 hypoxia-related genes in gastric cancer. (A) Expression differences of 5 hypoxia-related genes in normal and gastric cancer tissues in the TCGA dataset. (B) Validation of the expression of 5 hub genes by PCR in clinical patients. (C) Validation of the expression of 5 hub genes by PCR in cell lines. (D) Validation of the expression of 5 hub genes by PCR in NFs and CAFs. (E–I). The expressions of 5 hub genes in different cells according to scRNA-seq data. (J–N). Kaplan−Meier analysis of patients in high- and low- expression groups of these 5 hub genes. * means p<0.05; ** means p<0.01; *** means p<0.001.



We further explored the expressions of these 5 genes in the scRNA-seq data. The results showed that these genes were highly expressed in fibroblast but also expressed in other cells, including Endothelial cell, epithelial cell, B cell, CD4 T cell and CD8 T cell et al. (Figures 4E–I).

Furthermore, Kaplan−Meier (K-M) analysis was performed to explore the correlation between RNA expression and survival in GC. The result showed that high APOD, POSTN, MXRA5 and LBH expression was related to a poor prognosis in GC while high BMP4 expression was associated with a higher survival rate (Figures 4J–N).

There were many differentially expressed genes in cluster 2 CAFs compared with other cluster CAFs and the genes were listed in Table S2. Since ACTA2 and FAP were the well-known markers of CAFs, the correlation between CAFs markers (ACTA2 and FAP) and hypoxia-related prognostic panel (including APOD, POSTN, BMP4, MXRA5 and LBH) were analysed using GEPIA2 database. The results were showed in Figure S1.




3.4 Clinicopathologic characteristics analysis and model construction

According to the results of LASSO-Cox regression analysis, the hypoxia score was calculated using gene expression and coefficients. TCGA-GC patients were divided into high and low groups according to the median hypoxia score. According to univariate Cox regression analysis, TNM stage, T stage, N stage and hypoxia scores were significantly related to the prognosis of gastric cancer (Figure 5A). In further exploration, Figure 5B shows that the hypoxia score was an independent prognostic factor in multivariate Cox regression analysis. The clinicopathologic characteristics of GC patients in the TCGA cohort showed a significant difference in age, TNM grade, TNM stage and T stage between the high and low hypoxia score groups (Figures 5C–F, S2A). There was no significant difference in N stage, M stage or gender (Figures S2B-D). KM survival analysis showed a significantly poorer prognosis in the higher hypoxia score group than in the low hypoxia score group (Figure 5G). The results of survival analysis for each candidate gene are shown in Figure S3. Figure 5H shows the relationship between the hypoxia score and patient survival status, and higher scores suggest a worse prognosis. Finally, we used the selected hypoxia-related genes to build a prognostic correlation prediction nomogram (Figure 5I). As the ROC curve shows, the hypoxia-related gene model could effectively predict the prognosis of GC patients, and the area under the curve (AUC) value reached 0.679 at 1 year, 0.676 at 2 years, and 0.716 at 3 years (Figure 5J).




Figure 5 | Clinical characteristics of the hypoxia-related gene model. (A) Univariate Cox regression analysis of clinical characteristics and hypoxia scores. (B) Multivariate Cox regression analysis of significant clinical characteristics and hypoxia scores. (C–F). Age, grade, tumour stage and T stage were significantly different between the two hypoxia score subgroups. (G) Kaplan−Meier analysis of patients in different hypoxia score groups. (H) Relationship between survival status and hypoxia score in TCGA-GC patients. (I) The nomogram constructed with 5 hypoxia-related genes to predict the 1-, 3-, and 5-year OS in GC patients in the TCGA cohort. (J) ROC curves of key hypoxia genes for predicting 1-, 3-, and 5-year OS in the TCGA cohort.






3.5 Association between immune infiltration and hypoxia score

CIBERSORT was used to estimate the infiltration of 22 immune cells in the TCGA-GC cohort, and then the difference in immune cell infiltration in the different hypoxia score groups was explored. The results showed that antitumour immune cells (including activated NK cells or CD8+ T cells) were fewer in the high hypoxia score patients, while cancer-promoting immune cells such as resting NK cells and M2 macrophages were increased in the high score group (Figures 6A, B). The majority of functional immune cells infiltrated the high hypoxia score group, indicating that the hypoxia score was closely related to the immune microenvironment. The correlation analysis between hypoxia genes and immune cells is shown in Figure S4A, which indicated that M2 macrophages and activated B cells were positively correlated with the hypoxia score, while neutrophils and activated memory CD4 T cells were the opposite (Figures S4B-4E).




Figure 6 | Immune infiltration and prognostic values of immunotherapy in different hypoxia score groups. (A) The fractions of 22 immune cells between the low and high hypoxia score groups by the CIBERSORT method. (B) The scores of 29 functional cells between the low and high hypoxia score groups. (C) ROC curves of the hypoxia score, TIDE and TIS to predict the OS of GC patients in TCGA cohorts. (D) The finding of immune infiltration was validated by a dual immunohistochemistry staining(ACTA2 and CD8). (E–H). Differences in TIDE, T-cell exclusion score, T-cell dysfunction score and MSI in the two hypoxia score subgroups. * means p<0.05; ** means p<0.01; *** means p<0.001.



This LASSO model was built based on the DEGs in cluster 2 CAFs. To validate the relationship of CAFs and immune infiltration, we used double-staining immunohistochemistry to detect the CAF marker ACTA2 and the CD8+ T cell marker CD8.The result showed that the expression of ACTA2 was upregulated in the gastric cancer accompanied with the high expression of CD8. This result showed that CAFs is associated with immune infiltration (Figure 6D).




3.6 Immunotherapy predictive efficacy of the hypoxia score

The Tumour Immune Dysfunction and Exclusion (TIDE) algorithm was adopted to test the interactions between candidate genes and cytotoxic T-cell function. The TIDE predictive score is positively related to immune evasion, proving resistance to immunotherapy. According to the ROC curve, the hypoxia score is a better prognostic panel than the TIDE score or the TIS score (Figure 6C). In the TCGA-GC cohort, the TIDE score of the high hypoxia score group was significantly higher than that of the low score group (Figure 6E). Furthermore, the T-cell exclusion scores (Figure 6F) and the T-cell dysfunction score (Figure 6G) were significantly different between the two hypoxia score subgroups, except for the MSI score (Figure 6H). These results indicated that patients with a high hypoxia score show poor immunotherapy benefit, which is consistent with the findings of previous studies. Survival analysis suggests that patients with a high hypoxia score have a poor prognosis (15).

According to the ESTIMAT algorithm, the patients with high hypoxia scores also had higher tumour purity than the patients with low hypoxia scores (Figure 7A). Tumour mutational burden (TMB) was defined as the total number of somatic mutations detected in every one million bases. Studies have shown that patients with a high tumour mutational burden are more likely to benefit from ICI treatment. The expression of TMB was remarkably upregulated in the low hypoxia score group compared with the high hypoxia score group (Figure 7B). Moreover, we observed that a low hypoxia score was associated with MSI-H status, while a high CAFS score was associated with microsatellite stable (MSS) status (Figures 7C, D).




Figure 7 | Analysis of tumour microenvironment and drug sensitivity in patients with different hypoxia scores. (A) TME scores in patients with different hypoxia scores based on ESTIMATE. (B) The TMB in different hypoxia score groups. (C, D) Relationship between hypoxia score and MSI. (E) Relationship between hypoxia score and tumour stemness index. (E–J): Sensitivity analysis of hypoxia scores and antineoplastic drugs.






3.7 Drug sensitivity

Furthermore, we explored the relationship between the hypoxia score and the effectiveness of chemotherapy for GC treatment. We discovered that a high hypoxia score was associated with a lower half inhibitory concentration (IC50) of chemotherapeutics, including axitinib, bexarotene, lenalidomide, nilotinib, temsirolimus and vinblastine (Figures 7E–J, P<0.05). Therefore, our study indicated that the hypoxia score could serve as a potential effective predictor of chemotherapy sensitivity prediction.





4 Discussion

Gastric cancer, the third major cause of cancer-related deaths worldwide, exhibits a worse clinical prognosis and elevated metastasis rate. The hypoxic TME is present in almost all solid tumors and profoundly affects the progression of gastric cancer (10). A hypoxic tumor microenvironment is one of the characteristics of gastric cancer. Gastric cancer cells in the microenvironment can influence the biological properties of tumor cells by affecting the expression of certain transcription factors and tumor-associated genes to adapt to the hypoxic environment. Tumours are usually tolerant to anticancer drugs under hypoxic conditions. Although hypoxia has been reported to participate in proliferation, aggression, metastasis and drug resistance, the deeper mechanisms remain to be elucidated.

In our study, 10 cell types were identified from GC scRNA-seq data, and hypoxia-related scores were the highest in fibroblasts. The tumor microenvironment contains miscellaneous cells, including fibroblasts, immune cells, nerves, and vascular endothelial cells, which can interact with cancer cells (16). Cancer-associated fibroblasts (CAFs) are one of the most abundant constituents of the cancer microenvironment. Tumour-associated fibroblasts interact with tumor cells and other stromal components, such as immune cells, to promote gastric cancer progression. Activated CAFs can produce chemokines, extracellular matrix, growth factors and metabolites. These molecules can interact with tumor cells and facilitate tumor growth and inflammatory responses through direct contact or in a paracrine manner. Tumour cells switch their metabolic state between oxidative phosphorylation and glycolysis by establishing metabolic interactions with CAFs. In the hypoxic environment, tumor cells exhibit the Warburg effect, but in the normoxic environment, they exhibit the reverse Warburg effect. Metabolic interactions between CAFs and tumor cells facilitate the proliferation and metastasis of gastric cancer (17). CAFs usually play a tumor-promoting role, but recent studies have found that CAFs may also have an inhibitory effect on tumor progression (18, 19).

To further clarify the mechanism of hypoxia in gastric cancer, we screened differentially expressed genes in fibroblasts and used LASSO-Cox analysis to construct a novel hypoxia-related prognostic panel. As a result, 5 hypoxia-related genes (including APOD, POSTN, BMP4, MXRA5, and LBH) were included in the prognostic model. In agreement with our results, genes involved in this prognostic panel were significant in hypoxia-related physiological processes. APOD is a potential biomarker of hypoxia and is involved in immune responses (20). APOD is included in a novel necrosis-related gene model for predicting the prognosis of gastric adenocarcinoma and is closely associated with the immune microenvironment of cold tumors (21). In glioma, POSTN may regulate resistance to anti-VEGF-A therapy by upregulating the expression of TGFβ1 and HIF1α (22). POSTN is implicated in promoting metastasis of ovarian cancer via its ability to enhance M2 macrophages and cancer-associated fibroblasts through integrin-mediated activation of the NF-κB and TGF-β2 signaling pathways (23). Zhong et al. reported that BMP4 may play an important role in regulating glycolysis in hepatocellular carcinoma cells under hypoxia and hypoglycemia (24). BMP4 Promotes Tumor Progression in Bladder Cancer by Inducing M2 Macrophage Polarization (25). Hypoxia could accelerate malignant progression in glioma by promoting the expression of LBH (26). LBH inhibits cellular migration, invasion and epithelial-mesenchymal transition in nasopharyngeal carcinoma via downregulating αB-crystallin expression (27). MXRA5 was involved in a 6-gene prognostic stratification system which can be used to evaluate the prognostic risk (28). These genes involved in our prognostic panel are closely associated with hypoxia or immune cells and could promote tumor progression.

According to this five-gene prognostic panel constructed by LASSO-Cox regression analysis, TCGA-GC patients were classified into high and low hypoxia score groups. We found a remarkable difference in grade, TNM stage and N stage between the high and low hypoxia score groups. Patients with higher hypoxia scores have a significantly poorer prognosis than individuals with low hypoxia scores. The ROC curve shows that the hypoxia-related prognostic panel could effectively predict the prognosis of GC patients. These results indicated that hypoxia is a poor prognostic factor for gastric cancer. Consistent with a previous study, studies showed that the hypoxia-induced factor HIF-1α could facilitate the migration, proliferation, invasion, and tumor angiogenesis of gastric cancer cells (29). Hypoxia is involved in GC cell proliferation, migration and invasion through activation and upregulation of NHE1 (30). Hypoxia influences the expression of a variety of genes (including HIF-1α and von Hippel Lindau protein (pVHL)), resulting in the progression of cancer (31, 32).

Hypoxia is an essential feature of the TME [6], while immune infiltration is another prominent feature (33, 34). In our study, we found that antitumor immune cells, including CD8+ T cells and activated NK cells, were less abundant in the high hypoxia score patients, while cancer-promoting immune cells, such as resting NK cells and M2 macrophages, were more abundant in the high score group. The TIDE score, T-cell dysfunction scores and exclusion score of the high hypoxia score group were significantly increased compared with those of the hypoxia score subgroups. These results suggest that patients with a high hypoxia score show poor immunotherapy benefit, which is consistent with the results of a previous study. A signature of genes related to both hypoxia and immune response has been developed for the purpose of predicting the risk stratification and survival outcomes in individuals with triple-negative breast cancer (35). Hypoxia significantly upregulates PD-L1 expression in immune cells in a HIF-1α-dependent manner (36). Hypoxia promotes the activity of immunosuppressive cells and immune escape, mediating adaptation to the hypoxic environment in cancer cells (37, 38). Hypoxia is firmly associated with an immunosuppressive microenvironment and can promote gastric cancer progression.

In addition to the TIDE score, the IPS can also reflect the expression level of immune checkpoints, which can reflect the response sensitivity to ICI treatment. An effective model of patient selection based on hypoxia prior to ICI treatment of gastric cancer has not been established. Our study indicated that the expression of immune checkpoints (ICs) is closely related to the hypoxia score, which was remarkably higher in the low hypoxia score group. Patients in the low-score group are more likely to stimulate an immune response and were sensitive to immunotherapy. Consistent with our results, previous studies proved that hypoxia inhibited immune surveillance by regulating the expression of immune checkpoints comprising CTLA-4, PD-1 or PD-L1 (39). Hypoxia is an obstacle to tumor immunotherapy (40). This hypoxia-related prognostic model may be meaningful for guiding clinical immunotherapy.

Furthermore, we wondered whether the usage of a combination of chemotherapy and immunotherapy in GC had better efficacy. Therefore, we explored the chemotherapy sensitivity of various agents in the high and low hypoxia score subgroups of gastric cancer patients. Our study discovered that the high hypoxia score group had a high potential for ICI response to chemotherapeutics, including axitinib, bexarotene, lenalidomide, nilotinib, temsirolimus and vinblastine. According to the hypoxia score, these drugs predicted possible potential for therapeutic drugs under certain conditions (41, 42).

Our study innovatively combines single-cell sequencing data with a hypoxia gene set to build a novel prognostic model for gastric cancer. We innovatively found that the hypoxia-related gene set was enriched in cluster 2 cancer-associated fibroblasts (CAFs), and constructed a novel prognostic model by using the differential genes in this group of cells through LASSO algorithm. There were several limitations in our study. First, some data lack clinical follow-up information, which needs further experimental research and a larger sample size for verification. In addition, a direct clinical application test of the prognostic model is needed. We will further verify the predictive ability of this prognostic model through clinical samples in subsequent studies.




5 Conclusion

A novel five-element hypoxia-related panel established based on single-cell and bulk RNA sequencing is a potential biomarker for gastric cancer prognostic prediction. This hypoxia-related prognostic panel was firmly associated with immune infiltration, immunotherapy and chemotherapy. This study may provide potential targets for GC therapy, but more experimental research is needed.





Data availability statement

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





Ethics statement

The studies involving human participants were reviewed and approved by Sun Yat-sen University Health Science Institution Review Board. The patients/participants provided their written informed consent to participate in this study.





Author contributions

Conceptualization: CD and CZ; data curation, methodology, and software: CD, GD, and HC; supervision and funding acquisition: YH, CS, and CZ; project administration and validation: SC, XC, and XL; writing-original draft: CD and GD; writing – review and editing: CS and CZ. All authors contributed to the article and approved the submitted version.





Funding

This study was supported by the Shenzhen Key Medical discipline Construction Fund (SZXK016), the Shenzhen excellent Science and Technology Innovation Talent training project (RCBS2021070609241002), Guangdong Provincial Key Laboratory of Digestive Cancer Research (No. 2021B1212040006), Shenzhen Sustainable Project (KCXFZ202002011010593), National Natural Science Foundation of China (82073148), Shenzhen Fundamental Research Program (JCYJ20190809190601671) and Sanming Project of Medicine in Shenzhen (No. SZSM201911010).





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1140328/full#supplementary-material




References

1. Smyth, EC, Nilsson, M, Grabsch, HI, van Grieken, NC, and Lordick, F. Gastric cancer. Lancet (2020) 396(10251):635–48. doi: 10.1016/S0140-6736(20)31288-5

2. Machlowska, J, Baj, J, Sitarz, M, Maciejewski, R, and Sitarz, R. Gastric cancer: epidemiology, risk factors, classification, genomic characteristics and treatment strategies. Int J Mol Sci (2020) 21(11):4012. doi: 10.3390/ijms21114012

3. Rojas, A, Araya, P, Gonzalez, I, and Morales, E. Gastric tumor microenvironment. Adv Exp Med Biol (2020) 1226:23–35. doi: 10.1007/978-3-030-36214-0_2

4. Choudhry, H, and Harris, AL. Advances in hypoxia-inducible factor biology. Cell Metab (2018) 27(2):281–98. doi: 10.1016/j.cmet.2017.10.005

5. Gilkes, DM, Semenza, GL, and Wirtz, D. Hypoxia and the extracellular matrix: drivers of tumour metastasis. Nat Rev Cancer (2014) 14(6):430–9. doi: 10.1038/nrc3726

6. Shida, M, Kitajima, Y, Nakamura, J, Yanagihara, K, Baba, K, Wakiyama, K, et al. Impaired mitophagy activates mtROS/HIF-1α interplay and increases cancer aggressiveness in gastric cancer cells under hypoxia. Int J Oncol (2016) 48(4):1379–90. doi: 10.3892/ijo.2016.3359

7. King, R, Hayes, C, Donohoe, CL, Dunne, MR, Davern, M, and Donlon, NE. Hypoxia and its impact on the tumour microenvironment of gastroesophageal cancers. World J Gastrointest Oncol (2021) 13(5):312–31. doi: 10.4251/wjgo.v13.i5.312

8. Li, Z, Shi, L, Li, X, Wang, X, Wang, H, and Liu, Y. RNF144A-AS1, a TGF-β1- and hypoxia-inducible gene that promotes tumor metastasis and proliferation via targeting the miR-30c-2-3p/LOX axis in gastric cancer. Cell Biosci (2021) 11(1):177. doi: 10.1186/s13578-021-00689-z

9. Zhang, H, Deng, T, Liu, R, Ning, T, Yang, H, Liu, D, et al. CAF secreted miR-522 suppresses ferroptosis and promotes acquired chemo-resistance in gastric cancer. Mol Cancer (2020) 19(1):43. doi: 10.1186/s12943-020-01168-8

10. Yang, H, Hu, Y, Weng, M, Liu, X, Wan, P, Hu, Y, et al. Hypoxia inducible lncRNA-CBSLR modulates ferroptosis through m6A-YTHDF2-dependent modulation of CBS in gastric cancer. J Adv Res (2022) 37:91–106. doi: 10.1016/j.jare.2021.10.001

11. Pei, JP, Zhang, CD, Yusupu, M, Zhang, C, and Dai, DQ. Screening and validation of the hypoxia-related signature of evaluating tumor immune microenvironment and predicting prognosis in gastric cancer. Front Immunol (2021) 12:705511. doi: 10.3389/fimmu.2021.705511

12. Zhang, J, Jin, HY, Wu, Y, Zheng, ZC, Guo, S, Wang, Y, et al. Hypoxia-induced LncRNA PCGEM1 promotes invasion and metastasis of gastric cancer through regulating SNAI1. Clin Transl Oncol (2019) 21(9):1142–51. doi: 10.1007/s12094-019-02035-9

13. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

14. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun (2013) 4(1):2612. doi: 10.1038/ncomms3612

15. Lin, Z, Song, J, Gao, Y, Huang, S, Dou, R, Zhong, P, et al. Hypoxia-induced HIF-1α/lncRNA-PMAN inhibits ferroptosis by promoting the cytoplasmic translocation of ELAVL1 in peritoneal dissemination from gastric cancer. Redox Biol (2022) 52:102312. doi: 10.1016/j.redox.2022.102312

16. Oya, Y, Hayakawa, Y, and Koike, K. Tumor microenvironment in gastric cancers. Cancer Sci (2020) 111(8):2696–707. doi: 10.1111/cas.14521

17. Wanandi, SI, Ningsih, SS, Asikin, H, Hosea, R, and Neolaka, GMG. Metabolic interplay between tumour cells and cancer-associated fibroblasts (CAFs) under hypoxia versus normoxia. Malays J Med Sci (2018) 25(3):7–16. doi: 10.21315/mjms2018.25.3.2

18. Mizutani, Y, Kobayashi, H, Iida, T, Asai, N, Masamune, A, Hara, A, et al. Meflin-positive cancer-associated fibroblasts inhibit pancreatic carcinogenesis. Cancer Res (2019) 79(20):5367–81. doi: 10.1158/0008-5472.CAN-19-0454

19. Rhim, AD, Oberstein, PE, Thomas, DH, Mirek, ET, Palermo, CF, Sastra, SA, et al. Stromal elements act to restrain, rather than support, pancreatic ductal adenocarcinoma. Cancer Cell (2014) 25(6):735–47. doi: 10.1016/j.ccr.2014.04.021

20. Beemelmanns, A, Zanuzzo, FS, Xue, X, Sandrelli, RM, Rise, ML, and Gamperl, AK. The transcriptomic responses of Atlantic salmon (Salmo salar) to high temperature stress alone, and in combination with moderate hypoxia. BMC Genomics (2021) 22(1):261. doi: 10.1186/s12864-021-07464-x

21. Khan, M, Lin, J, Wang, B, Chen, C, Huang, Z, Tian, Y, et al. A novel necroptosis-related gene index for predicting prognosis and a cold tumor immune microenvironment in stomach adenocarcinoma. Front Immunol (2022) 13:968165. doi: 10.3389/fimmu.2022.968165

22. Park, SY, Piao, Y, Jeong, KJ, Dong, J, and de Groot, JF. Periostin (POSTN) regulates tumor resistance to antiangiogenic therapy in glioma models. Mol Cancer Ther (2016) 15(9):2187–97. doi: 10.1158/1535-7163.MCT-15-0427

23. Lin, SC, Liao, YC, Chen, PM, Yang, YY, Wang, YH, Tung, SL, et al. Periostin promotes ovarian cancer metastasis by enhancing M2 macrophages and cancer-associated fibroblasts via integrin-mediated NF-κB and TGF-β2 signaling. J BioMed Sci (2022) 29(1):109. doi: 10.1186/s12929-022-00888-x

24. Zhong, J, Kang, Q, Cao, Y, He, B, Zhao, P, Gou, Y, et al. BMP4 augments the survival of hepatocellular carcinoma (HCC) cells under hypoxia and hypoglycemia conditions by promoting the glycolysis pathway. Am J Cancer Res (2021) 11(3):793–811.

25. Martínez, VG, Rubio, C, Martínez-Fernández, M, Segovia, C, López-Calderón, F, Garín, MI, et al. BMP4 induces M2 macrophage polarization and favors tumor progression in bladder cancer. Clin Cancer Res (2017) 23(23):7388–99. doi: 10.1158/1078-0432.CCR-17-1004

26. Zhang, KN, Zeng, F, Chai, RC, Chen, J, and Jiang, T. Hypoxia induced LBH overexpression accelerates malignant progression in glioma. EBioMedicine (2019) 49:4–5. doi: 10.1016/j.ebiom.2019.10.021

27. Wu, A, Zhang, L, Luo, N, Zhang, L, Li, L, and Liu, Q. Limb-bud and heart (LBH) inhibits cellular migration, invasion and epithelial-mesenchymal transition in nasopharyngeal carcinoma via downregulating αB-crystallin expression. Cell Signal (2021) 85:110045. doi: 10.1016/j.cellsig.2021.110045

28. Liang, L, Li, J, Yu, J, Liu, J, Xiu, L, Zeng, J, et al. Establishment and validation of a novel invasion-related gene signature for predicting the prognosis of ovarian cancer. Cancer Cell Int (2022) 22(1):118. doi: 10.1186/s12935-022-02502-4

29. Chen, J, Zhang, M, Ma, Z, Yuan, D, Zhu, J, Tuo, B, et al. Alteration and dysfunction of ion channels/transporters in a hypoxic microenvironment results in the development and progression of gastric cancer. Cell Oncol (Dordr) (2021) 44(4):739–49. doi: 10.1007/s13402-021-00604-1

30. Paehler Vor der Nolte, A, Chodisetti, G, Yuan, Z, Busch, F, Riederer, B, Luo, M, et al. Na(+)/H(+) exchanger NHE1 and NHE2 have opposite effects on migration velocity in rat gastric surface cells. J Cell Physiol (2017) 232(7):1669–80. doi: 10.1002/jcp.25758

31. Ucaryilmaz Metin, C, and Ozcan, G. The HIF-1α as a potent inducer of the hallmarks in gastric cancer. Cancers (Basel) (2022) 14(11):2711. doi: 10.3390/cancers14112711

32. Ding, XF, Chen, J, Zhou, J, Chen, G, and Wu, YL. Never-in-mitosis a-related kinase 8, a novel target of von-Hippel-Lindau tumor suppressor protein, promotes gastric cancer cell proliferation. Oncol Lett (2018) 16(5):5900–6. doi: 10.3892/ol.2018.9328

33. Sundar, R, Qamra, A, Tan, ALK, Zhang, S, Ng, CCY, Teh, BT, et al. Transcriptional analysis of immune genes in Epstein-Barr virus-associated gastric cancer and association with clinical outcomes. Gastric Cancer (2018) 21(6):1064–70. doi: 10.1007/s10120-018-0851-9

34. Lazăr, DC, Avram, MF, Romoşan, I, Cornianu, M, Tăban, S, and Goldiş, A. Prognostic significance of tumor immune microenvironment and immunotherapy: novel insights and future perspectives in gastric cancer. World J Gastroenterol (2018) 24(32):3583–616. doi: 10.3748/wjg.v24.i32.3583

35. Yang, X, Weng, X, Yang, Y, Zhang, M, Xiu, Y, Peng, W, et al. A combined hypoxia and immune gene signature for predicting survival and risk stratification in triple-negative breast cancer. Aging (Albany NY) (2021) 13(15):19486–509. doi: 10.18632/aging.203360

36. Noman, MZ, Desantis, G, Janji, B, Hasmim, M, Karray, S, Dessen, P, et al. PD-L1 is a novel direct target of HIF-1α, and its blockade under hypoxia enhanced MDSC-mediated T cell activation. J Exp Med (2014) 211(5):781–90. doi: 10.1084/jem.20131916

37. Zhang, H, Lu, H, Xiang, L, Bullen, JW, Zhang, C, Samanta, D, et al. HIF-1 regulates CD47 expression in breast cancer cells to promote evasion of phagocytosis and maintenance of cancer stem cells. Proc Natl Acad Sci U S A. (2015) 112(45):E6215–23. doi: 10.1073/pnas.1520032112

38. Siska, PJ, and Rathmell, JC. T Cell metabolic fitness in antitumor immunity. Trends Immunol (2015) 36(4):257–64. doi: 10.1016/j.it.2015.02.007

39. Hu, M, Li, Y, Lu, Y, Wang, M, Li, Y, Wang, C, et al. The regulation of immune checkpoints by the hypoxic tumor microenvironment. PeerJ (2021) 9:e11306. doi: 10.7717/peerj.11306

40. Daniel, SK, Sullivan, KM, Labadie, KP, and Pillarisetty, VG. Hypoxia as a barrier to immunotherapy in pancreatic adenocarcinoma. Clin Transl Med (2019) 8(1):10. doi: 10.1186/s40169-019-0226-9

41. Oh, DY, Doi, T, Shirao, K, Lee, KW, Park, SR, Chen, Y, et al. Phase I study of axitinib in combination with cisplatin and capecitabine in patients with previously untreated advanced gastric cancer. Cancer Res Treat (2015) 47(4):687–96. doi: 10.4143/crt.2014.225

42. Said, R, Ye, Y, Hong, DS, Naing, A, Falchook, G, Fu, S, et al. Phase I clinical trial of lenalidomide in combination with 5-fluorouracil, leucovorin, and oxaliplatin in patients with advanced cancer. Cancer Chemother Pharmacol (2016) 77(3):575–81. doi: 10.1007/s00280-015-2952-z




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


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




ORIGINAL RESEARCH

published: 03 May 2023

doi: 10.3389/fimmu.2023.1164724

[image: image2]


Turicibacter and Acidaminococcus predict immune-related adverse events and efficacy of immune checkpoint inhibitor


Kazuyuki Hamada 1,2†, Junya Isobe 3†, Kouya Hattori 4,5, Masahiro Hosonuma 1,6,7,8, Yuta Baba 6, Masakazu Murayama 6,7,8,9, Yoichiro Narikawa 6,7,8,9, Hitoshi Toyoda 6,7,8,10, Eiji Funayama 11, Kohei Tajima 6,12, Midori Shida 6, Yuya Hirasawa 1, Toshiaki Tsurui 1, Hirotsugu Ariizumi 1, Tomoyuki Ishiguro 1, Risako Suzuki 1, Ryotaro Ohkuma 1, Yutaro Kubota 1, Takehiko Sambe 13, Mayumi Tsuji 7,8, Satoshi Wada 14, Yuji Kiuchi 7,8, Shinichi Kobayashi 15, Atsuo Kuramasu 6, Atsushi Horiike 1, Yun-Gi Kim 4, Takuya Tsunoda 1 and Kiyoshi Yoshimura 1,6*


1 Division of Medical Oncology, Department of Medicine, Showa University School of Medicine, Tokyo, Japan, 2 Department of Chest Surgery, School of Medicine, Fukushima Medical University, Fukushima, Japan, 3 Department of Hospital Pharmaceutics, School of Pharmacy, Showa University, Tokyo, Japan, 4 Research Center for Drug Discovery and Faculty of Pharmacy and Graduate School of Pharmaceutical Sciences, Keio University, Tokyo, Japan, 5 Division of Biochemistry, Faculty of Pharmacy and Graduate School of Pharmaceutical Sciences, Keio University, Tokyo, Japan, 6 Department of Clinical Immuno Oncology, Clinical Research Institute for Clinical Pharmacology and Therapeutics, Showa University, Tokyo, Japan, 7 Department of Pharmacology, Showa University School of Medicine, Tokyo, Japan, 8 Pharmacological Research Center, Showa University, Tokyo, Japan, 9 Department of Otorhinolaryngology-Head and Neck Surgery, Showa University School of Medicine, Tokyo, Japan, 10 Department of Orthopedic Surgery, School of Medicine, Showa University, Tokyo, Japan, 11 Division of Pharmacology, Department of Pharmacology, School of Pharmacy, Showa University, Tokyo, Japan, 12 Department of Gastroenterological Surgery, Tokai University School of Medicine, Kanagawa, Japan, 13 Division of Clinical Pharmacology, Department of Pharmacology, Showa University School of Medicine, Tokyo, Japan, 14 Department of Clinical Diagnostic Oncology, Clinical Research Institute for Clinical Pharmacology and Therapeutics, Showa University, Tokyo, Japan, 15 Clinical Research Institute for Clinical Pharmacology and Therapeutics, Showa University, Tokyo, Japan




Edited by: 

Esra Akbay, University of Texas Southwestern Medical Center, United States

Reviewed by: 

Shaheen Khan, University of Texas Southwestern Medical Center, United States

Ruthee Bayer, Northwell Health, United States

*Correspondence: 

Kiyoshi Yoshimura
 kyoshim1@med.showa-u.ac.jp




†These authors have contributed equally to this work



Received: 13 February 2023

Accepted: 03 April 2023

Published: 03 May 2023

Citation:
Hamada K, Isobe J, Hattori K, Hosonuma M, Baba Y, Murayama M, Narikawa Y, Toyoda H, Funayama E, Tajima K, Shida M, Hirasawa Y, Tsurui T, Ariizumi H, Ishiguro T, Suzuki R, Ohkuma R, Kubota Y, Sambe T, Tsuji M, Wada S, Kiuchi Y, Kobayashi S, Kuramasu A, Horiike A, Kim Y-G, Tsunoda T and Yoshimura K (2023) Turicibacter and Acidaminococcus predict immune-related adverse events and efficacy of immune checkpoint inhibitor. Front. Immunol. 14:1164724. doi: 10.3389/fimmu.2023.1164724





Introduction

Immune checkpoint inhibitors have had a major impact on cancer treatment. Gut microbiota plays a major role in the cancer microenvironment, affecting treatment response. The gut microbiota is highly individual, and varies with factors, such as age and race. Gut microbiota composition in Japanese cancer patients and the efficacy of immunotherapy remain unknown. 



Methods

We investigated the gut microbiota of 26 patients with solid tumors prior to immune checkpoint inhibitor monotherapy to identify bacteria involved in the efficacy of these drugs and immune-related adverse events (irAEs).



Results

The genera Prevotella and Parabacteroides were relatively common in the group showing efficacy towards the anti-PD-1 antibody treatment (effective group). The proportions of Catenibacterium (P = 0.022) and Turicibacter (P = 0.049) were significantly higher in the effective group than in the ineffective group. In addition, the proportion of Desulfovibrion (P = 0.033) was significantly higher in the ineffective group. Next, they were divided into irAE and non-irAE groups. The proportions of Turicibacter (P = 0.001) and Acidaminococcus (P = 0.001) were significantly higher in the group with irAEs than in those without, while the proportions of Blautia (P = 0.013) and the unclassified Clostridiales (P = 0.027) were significantly higher in the group without irAEs than those with. Furthermore, within the Effective group, Acidaminococcus and Turicibacter (both P = 0.001) were more abundant in the subgroup with irAEs than in those without them. In contrast, Blautia (P = 0.021) and Bilophila (P= 0.033) were statistically significantly more common in those without irAEs.



Discussion

Our Study suggests that the analysis of the gut microbiota may provide future predictive markers for the efficacy of cancer immunotherapy or the selection of candidates for fecal transplantation for cancer immunotherapy.





Keywords: clinical efficacy, gut microbiota, immune checkpoint inhibitors, immune-related adverse events, PD-1 inhibitor, Turicibacter, Acidaminococcus




1 Introduction

Approximately 40 trillion bacteria of 1,000 types are thought to coexist in the human intestine, with the intestinal microflora weighing 1.5–2 kg (1). It is not known how these intestinal bacteria originally came to coexist with humans. The formation of the human intestinal microbiota begins immediately after birth. The intestinal microbiota formed during the neonatal period is not invariant throughout life, and the constituent bacteria change with age (2). Additionally, it has been reported that the microbiota is affected by various environmental factors, such as the duration of gestation, mode of delivery, and mode of breastfeeding (3). Gut microbiota is known to differ across racial or ethnic groups (4).

Moreover, the pattern of the intestinal microbiota also varies with the content of the long-term diet (5). Enterotypes are classified by similar populations (5, 6). For instance, type B is dominated by the genus Bacteroides, while type P is dominated by the genus Prevotella.

When the composition of this bacterial layer is disrupted, diseases such as inflammatory bowel disease, rheumatic disease, obesity, diabetes, atopy, allergies, etc., are triggered. Such dysbiosis may also have a severe impact on cancer (7). With advances in dysbiosis research, the concepts of “good bacteria” and “bad bacteria” are now used less frequently (8–14). Additionally, due to recent technological advances, next-generation sequencing analysis of intestinal bacteria has become possible, resulting in accumulating information on the microbiota constitution in various disease groups, including cancers (8, 9, 15–18).

A fairly recent advance in cancer treatment involves the use of immune checkpoint inhibitors (ICIs). One such treatment is the use of anti-PD-1/PD-L1 antibodies, which primarily inhibit the negative regulatory mechanisms between a tumor and the T cells. This is called the effector phase. In contrast, anti-CTLA-4 antibodies, another form of ICI treatment, maintain T cell activation by blocking inhibitory signals from dendritic cells in lymph nodes (19). This is referred to as the priming phase.

Groups in the US and France have reported that certain gut bacteria may modulate the clinical efficacy of anti-PD-1 antibodies (8, 9, 13). However, the gut microbiota influencing ICI efficacy reported by each group differed, and no common bacteria were identified. The differences in microbiota associated with racial/ethnic groups or with long-term diet may have influenced the above findings. Nevertheless, increasing evidence indicates that microbiota constitution may be highly correlated with the therapeutic efficacy of ICIs (20–22). Moreover, intestinal bacteria may be involved in many types of cancer, including esophageal and gastric cancer (23). Furthermore, it has been reported that the administration of antibiotics has a robust negative effect on intestinal bacteria and thereby, on the therapeutic effect of ICIs (24, 25)

While the effect of the microbiota on ICI efficacy has been reported in various countries, it has not yet been reported in Japanese individuals, who reportedly have a higher proportion of Bifidobacterium in the gut microbiota than individuals from the US. Thus, in this study, we investigated the gut microbiota of Japanese cancer patients treated with ICI monotherapy to identify bacteria involved in ICI efficacy and in the occurrence of immune-related adverse events.



2 Methods



2.1 Patients

The study was approved by the Ethics Committee of Showa University School of Medicine (Approval No. 2165). The participants in this study were 26 cancer patients treated with nivolumab or pembrolizumab from 2018 to 2021 at the Division of Medical Oncology, Showa University Hospital, who gave written consent to participate. There were 14 non-small cell lung cancer patients, nine stomach cancer patients, two malignant melanoma patients, and one bladder cancer patient.



2.2 Clinical evaluation methods

Patients underwent ICI treatment as per the following regimen: 240 mg Nivolumab in the form of a 30-minute intravenous injection (IV) infusion every 2 weeks. Treatment efficacy was defined as partial response (PR) and stable disease (SD) at 1 year after the start of ICI treatment. In contrast, progressive disease (PD) was defined as a lack of efficacy. Efficacy was evaluated using the durable clinical response as in PR and SD as efficacy, and PD as inefficacy.

Immune-related adverse events (irAEs) of Grade 2 or higher, evaluated using the National Cancer Institute Common Terminology Criteria for Adverse Events (version 4.0), during the 1-year follow-up period were considered as irAEs.



2.3 Bacterial analysis

Fecal samples were collected before treatment within three weeks of starting the therapy using a stool collection kit containing guanidine (TechnoSuruga Laboratory, Shizuoka, Japan). Fecal samples were stored at -80°C until further analysis. DNA was extracted using the QIAamp PowerFecal Pro DNA Kit (QIAGEN, Hilden, Germany) according to the manufacturer’s instructions. MetaGenome analysis was performed on a next-generation sequencer (MySeq: Illumina, San Diego, CA, USA) to analyze the 16S V3 and V4 regions of ribosomal RNA genes. Quiime2 (https://qiime2.org/) was used to identify the bacteria. In this study, an exploratory statistical analysis was performed on the differences in bacterial abundance between groups to reveal new insights and identify potential directions for future research. Statistical analysis was performed by using the Mann–Whitney U-test in the JMP pro software (SAS, Tokyo, JAPAN).




3 Results



3.1 Composition of the bacterial flora in each case

The bacterial florae (genus level) in the stool of each patient with solid cancer (n=26), before the start of anti-PD-1 antibody therapy, are shown in Figures 1A, B, respectively. The relative abundance of the different genera, where the total is 100%, is shown in Figures 1C, D.




Figure 1 | Relative abundance of intestinal bacteria in each patient before initiation of anti-PD-1 antibody therapy. (A) Percentage of bacteria at discernible genus level in the total stool of each patient. (B) Names of the bacteria represented in the bar graph in (A). (C) Bar graph showing the proportions of the bacteria in (A) that were found in 0.1% or more of the stools, summed to 100%. (D) Names of bacteria shown in (C).





3.2 Differences in gut microbiota composition in patients with and without a durable clinical response

The group with a good clinical response, including SD, at 1 year after ICI administration was defined as the Effective group (n=16), while the other group was defined as the Ineffective group (n=10). The mean intestinal microbiota of these two groups is shown in bar graphs, with the vertical axis representing the percentage of bacteria that could be discriminated at the genus level (Figure 2A), with the sum of all bacteria constituting 100%. Individual bacteria are indicated by color in Figure 2B.




Figure 2 | Percentage composition of microbiota in groups based on the therapeutic efficacy of anti-PD-1 antibody treatment in cancer patients. (A) Relative abundance (%, composition) of bacteria at the genus level in the Effective and Ineffective treatment groups. (B) Names of bacteria shown in (A). (C) Bacterial tree diagram, with the dark gray and light gray lines indicating the bacteria found in the Effective Ineffective groups, respectively. (D) Bar graph showing the bacterial composition of the microbiota in the Effective and Ineffective groups. Bacteria that were found in more than 0.1% of the cases were summed to 100%. (E) Names of bacteria shown in (C).



In Figure 2C, the bacteria shown in Figure 2A are shown in a phylogenetic diagram, with phylogeny color-coded according to the efficacy (effective vs. ineffective) of the anti-PD-1 antibody. Prevotella and Parabacteroides were relatively common in the effective group, although the same genera were also found in the ineffective group (Figure 2C).



3.3 Analysis of the top-20 most abundant enterobacterial genera

Next, we selected only those bacteria that represented more than 0.1% of the total number of bacteria in each group and expressed the sum of the bacteria as a percentage of 100%. The percentage of the intestinal microflora is shown as a bar graph in Figures 2D, E. The top-5 most abundant genera in the Effective group were Bacteroides, Parabacteroides, Streptococcus, and Parabacteroides, while in the Ineffective group, Bacteroides, unclassified Enterobacteriaceae, Lactobacillus, Streptococcus, and Parabacteroides were most abundant (Table 1A).


7Table 1 | Percentage of predominant bacteria (%) in the treatment response, immune-related adverse events (irAEs), and irAEs in the treatment response group.



Differences in the top-20 genera composing the microbiota between the Effective and Ineffective groups were then statistically compared. Catenibacterium (P = 0.022) and Turicibacter (P = 0.049) were overrepresented in the Effective group when compared to the Ineffective group (Figure 3A; Tables 2A, B).




Figure 3 | Statistically significant differences in intestinal bacteria. We compared the statistical significance of differences in bacteria in the presence or absence of treatment effect, presence or absence of irAE, and presence or absence of irAE within the effective treatment group, using the Mann–Whitney Utest. The red line indicates a P value of 0.05. (A) Top-10 bacteria by treatment effect at the genus level. (B) Top-10 bacteria by irAE at genus level (C) Top-10 bacteria by genus level according to the presence/absence of irAE in cases showing effective treatment response to anti-PD-1 antibody.




Table 2 | Statistically significant differences in gut microbiota between groups.





3.4 Differences in intestinal microbiota composition according to presence or absence of immune-related adverse events

Patients were categorized into two groups: irAE (n=12) and non-irAE (n=14). The irAEs observed in this study were as follows: Hypothyroidism in 4 cases, Rash in 4 cases, Oral Mucositis in 1 case, Type 1 Diabetes in 1 case, Hypopituitarism in 2 cases, Pneumonitis in 2 cases, Infusion Reaction in 1 case, and Asthma in 1 case. A history of autoimmune diseases was present in 2 cases (Table S1). The mean intestinal microbiota compositions in those with and without Grade 2 or higher irAEs during the course of treatment are shown in Figure 4, where the vertical axis shows the sum of all bacteria at the discriminable genus level as 100%. The vertical axis shows the bacterial flora at the genus level in Figure 4A, while their individual names are shown by color in Figure 4B.




Figure 4 | Microbiota composition according to the presence or absence of immune-related adverse events (ir-AEs). (A) Relative abundance (%, composition) of bacteria at the genus level in the irAE- and no-irAE groups. (B) Names of bacteria shown in (A). (C) Bacterial tree, with dark gray lines indicating bacteria found in the no-irAE group and light gray lines indicating bacteria found in the irAE group. (D) Bar graph showing the microbiota composition in each group, where the sum of all the bacteria found in more than 0.1% of the cases in each group were summed to 100%. (E) Names of bacteria shown in (D).



In Figure 4C, bacteria shown in Figure 4A are represented in a phylogenetic tree, which is color-coded according to the presence or absence of irAEs to anti-PD-1 antibody (Figure 4C).



3.5 Analysis of the top-20 most abundant genera according to the presence or absence of immune-related adverse events

Next, the average intestinal microbiota was calculated by summing (to 100%) the bacteria in Figure 4A of which 0.1% or more were associated with irAEs, whereas the remaining were not (Figures 4D, E). The Top 20 bacteria are shown in Table 1B. Particular attention was paid to the top 3%, which consisted of the following six bacteria. In other words, the top-5 most abundant genera in the irAE group were Bacteroides, Parabacteroides, Streptococcus, Phascolarctobacterium, and Veillonella, while those in the group without irAE were Bacteroides, Parabacteroides, Streptococcus, Prevotella, and Megamonas.

Statistically differences in the top-20 most abundant genera were analyzed between the irAE and without irAE groups. In the irAE group, Turicibacter (P = 0.001) and Acidaminococcus (P = 0.001) were more abundant than in the no-irAE group. In contrast, Blautia (P = 0.013) and unclassified Clostridiales (P = 0.028) were statistically more common in the no-irAE group (Figure 3B; Tables 2C, D).



3.6 Differences in gut microbiota composition in the Effective group with and without immune-related adverse events

The mean intestinal microbiota in the Effective group was divided into subgroups: those with (n=10) and those without Grade 2 or higher irAEs (n=6) (Figures 5A, B). Color-coded phylogenetic trees are based on the presence or absence of irAEs to anti-PD-1 antibody in the Effective group (Figure 5C). The top-5 most abundant genera associated with treatment efficacy without irAEs were Bacteroides, Parabacteroides, Prevotella, Streptococcus, and Megamonas. Bacteria associated with treatment efficacy, but with irAEs were Bacteroides, Parabacteroides, Streptococcus, unclassified Enterobacteriaceae, and Veillonella (Table 1C).



3.7 Analysis of the top-20 most abundant enterobacteria in the effective group

Next, we selected the bacteria that accounted for more than 0.1% of the total the gut microbiota, and showed the mean intestinal microbiota of the groups with and without irAEs as a percentage (Figures 5D, E). Bacteroides, unclassified Enterobacteriaceae, Klebsiella, Veillonella, and Acidaminococcus were predominant in the group with irAEs. In the group without irAEs, Parabacteroides Prevotella, Megamonas, Enterococcus, and Streptococcus were more abundant. The Effective group was then divided into the irAE and no-irAE subgroups, and statistically differences between the two subgroups were analyzed. Acidaminococcus (P = 0.001) and Turicibacter (P = 0.001) were more abundant in the irAE subgroup within the Effective group. In contrast, Blautia (P = 0.021) and Bilophila (P= 0.033) were more common in the no-irAE subgroup than in the irAE subgroup within the Effective group (Figure 3C; Tables 2E, F).




Figure 5 | Bacterial proportions in the microbiota in the group showing an effective response to anti-PD-1 antibody, with and without irAE. (A) Relative abundance (%, composition) of bacteria at discriminable genus level in patients with and without irAE who responded to anti-PD-1 antibody treatment. (B) Names of bacteria shown in (A). (C) Bacterial tree, with dark gray lines indicating bacteria found in the no-irAE group and light gray lines indicating bacteria found in the irAE group. (D) Bar graph showing the proportion of bacteria in each group, where the sum of all the bacteria found in more than 0.1% of the cases in each group were summed to 100%. (E) Names of bacteria shown in (D).





3.8 Alpha-diversity of gut microbiota

There were no statistically differences in alpha-diversity between the Effective and Ineffective groups (Figure 6A), with and without irAEs (Figure 6B), and with and without irAEs in the Effective group (Figure 6C).




Figure 6 | Alpha diversity of the intestinal microbiota. (A) Comparison of Simpson diversity index between effective and ineffective groups. (B) Comparison of Simpson diversity index between responders and non-responders in terms of immune-related adverse effects. (C) Comparison of Simpson diversity index between responders and non-responders in terms of immune-related adverse effects in the effective group.






4 Discussion

We found that Prevotella and Parabacteroides were relatively common in the Effective group. In the overall cohort, Turicibacter (P = 0.001) and Acidaminococcus (P = 0.001) were more abundant in the irAE group. In contrast, Blautia (P = 0.013) and unclassified Clostridiales (P = 0.028) were more prevalent in the no-irAE group. Similarly, within the Effective group, Acidaminococcus and Turicibacter (both P = 0.001) were more abundant in the subgroup with irAEs than in those without, while Blautia (P = 0.021) and Bilophila (P= 0.033) were more commonly found in those without irAEs.

Bifidobacterium, Lactobacillus, phylum Bacteroidetes, Akkermansia muciniphila, and Faecalibacterium have been reported as bacteria involved in the beneficial effect of ICI (8, 10–14, 18). On the other hand, Prevotella and Fusobacterium nucleatum have been reported as a bacterial flora with negative effects in cancer immunity, such as cancer recurrence (8, 10–14, 18). In previous studies, the genera Bacteroidetes and Lactobacillus have been reported as bacteria associated with ICI efficacy. One possible reason for the difference in results between our study and previous studies may be that microbiota composition differs by race and region. It has been reported that the composition of the human intestinal microbiota in healthy individuals was significantly diverse across 12 countries: Japan, Denmark, Spain, USA, China, Sweden, Russia, Venezuela, Malawi, Austria, France, and Peru (26). In particular, the gut microbiota of the Japanese was reported to be different from those of other populations (26). Specifically, Japanese have more Bifidobacterium and fewer Bacteroidetes and Prevotella than Americans (26).

In the present study, the genera Parabacteroides and Prevotella were more abundant in the Effective group without irAEs than those with irAEs, although there was no statistically difference in abundance (%). Parabacteroides and Prevotella are underrepresented in the Japanese population (26). The high prevalence of Parabacteroides and Prevotella in the top tier in our study is very interesting, since these may therefore be biomarkers of therapeutic efficacy without irAEs for Japanese patients receiving ICI. Parabacteroides distasonis was reported to be abundant in intestinal bacteria in French patients with non-small cell lung cancer and renal cell carcinoma in a population treated using anti-PD-1 antibodies, with a PFS of less than 3 months (9).

Peng et al. reported that Prevotella spp. increased in Chinese patients after the treatment of gastrointestinal cancer with anti-PD-1/PD-L1 agents. In particular, the relative amount of Prevotella spp. increased in responders (27). The group with a higher Prevotella abundance had a longer PFS than the group with lower abundance. Conversely, the group with a higher abundance of Bacteroides had a shorter PFS (27). However, Gopalakrishnan et al. reported a high presence of Prevotella histicola in American melanoma non-responders. In addition, they found that patients with high levels of Bacteroides had a shorter PFS (8).

The mechanism by which Prevotella spp. exert an antitumor effect is unknown. In the present study, Prevotella spp. were more common in the group that showed efficacy during ICI treatment. The genus Prevotella and its related metabolites, and their positive effects on immunity, should be elucidated in future studies.

In the present study, Bacteroidetes and Lactobacillus were more abundant in the Ineffective group. The high prevalence of Bacteroidetes in this group was consistent with the study by Peng et al. (27). In another study, the genera Bacteroidetes and Lactobacillus were reported as bacteria associated with ICI efficacy. The reason for the differences in results may be that the organisms involved in the efficacy of ICIs may differ by country or type of carcinoma.

The most important result of the present study was the identification of bacteria with a high abundance (%) in the gut microbiota showing statistically significant differences between groups with and without treatment response or with and without irAEs. These are candidate bacteria that may influence anti-PD-1 antibody therapy.

Catenibacterium had a statistically significant higher percentage in the Effective than in the Ineffective group.

Interestingly, Turicibacter was statistically significantly overrepresented in the Effective group, irAE group, and irAE subgroup within the Effective group. Turicibacter may be involved in overall immune activation.

Acidaminococcus may be strongly involved in irAE, since it was statistically significantly more abundant in the irAE group and the irAE subgroup within the Effective group. Acidaminococcus was shown in a Taiwanese study to be associated with hepatocellular carcinoma treated with anti-PD-1/anti-PD-L1in responder, in some cases in combination with angiogenesis inhibitors, and in patients with controlled disease (objective response or SD for ≥ 16 weeks) (28). In the present study, its proportion was statistically significantly higher in patients with irAE and in the effective population with irAEs. Future studies should elucidate the mechanisms involved in anti-PD-1 antibody therapy, including the related metabolites, to elucidate the effects of these bacteria on antitumor immunity.

The involvement of bacterial metabolites has been suggested as a mechanism by which the gut microbiota influences the immune system. For example, the genus Bacteroidetes is capable of inducing IgA production, in addition to producing various short-chain fatty acids. Lactobacillus is a lactic acid-producing bacterium. All of these bacteria are short-chain fatty acid (SCFA) producers, which are considered to be beneficial for ICI treatment. SCFAs are considered to activate and regulate immunity. The related mechanism is mainly determined by their receptors, however, much about this process remains unknown. SCFAs play important roles in human immunity and homeostasis, such as induction of regulatory T cells, type 1 helper T cells, and maintenance of intestinal epithelial cell proliferation (29). However, its relationship with antitumor effects in particular remains to be elucidated. Interestingly, SCFAs produced by bacteria fermenting dietary fiber as a nutrient source are certainly involved, highlighting the importance of studies on the significance of including fiber in the diet and on the effect of each SCFA on immunity. In addition to SCFAs, other metabolites produced by intestinal bacteria have also been studied extensively in recent years. However, facultative anaerobic bacteria have few enzymes that can digest dietary fiber, and utilize sources of nutrients that are abundant in Westernized diets, such as monosaccharides, disaccharides, fats, proteins, and alcohols, instead of dietary fiber (30).

Although SCFAs are generally known to increase antitumor activity, some data suggest that they may inhibit some conditions and types. For instance, a mouse study showed that sodium butyrate inhibited anti-CTLA-4-induced dendritic cell maturation and T-cell priming (31). Further studies are needed to elucidate the mechanisms by which individual SCFAs affect cancer immunity. In fact, individual SCFAs differ in their immune activity. The details of the effects of SCFAs need to be clarified in future studies (28).

If the immune state in which irAEs are likely to occur and the immune state in which efficacy is likely to be demonstrated can be inferred by analyzing intestinal bacteria, it will be possible to induce a state in which irAEs are unlikely to occur and ICI efficacy is likely to be demonstrated by administering various treatments, including modification of the intestinal microflora. At the very least, if these bacteria can be used as biomarkers, it will facilitate therapeutic strategies, particularly in terms of the management of side effects. Nevertheless, our study was limited by the small number of patients and more cases need to be accumulated.

In conclusion, in the present study, we found that Catenibacterium was significantly more abundant in the gut microbiota of patients with solid tumors prior to starting treatment with anti-PD-1 antibody monotherapy in the group in which the ICI was effective than in those in whom it was ineffective. Turicibacter was also more abundant in the effective group. Acidaminococcus was statistically significantly more abundant in the irAE group and in the irAE subgroup within the Effective group, suggesting that Acidaminococcus is strongly involved in irAE. The gut microbiota may be an effective biomarker for predicting the efficacy of anti-PD-1 antibody therapy and of irAE. The results of our study differ from those of previously reported studies on the gut microbiota in the US. This highlights the importance of examining the association between the gut microbiota and efficacy of anti-PD-1 antibody therapy by race and region.
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Purpose

To investigate the diagnostic value of 18F-fluorodeoxyglucose positron emission tomography (18F-FDG PET), as an imaging biomarker, for predicting pathological response and prognosis of unresectable hepatocellular carcinoma (HCC) patients treated with Lenvatinib and programmed cell death protein 1 (PD-1) inhibitors as a conversion therapy.





Methods

A total of 28 unresectable HCC patients with BCLC stage B or C were treated with Lenvatinib and PD-1 inhibitors before surgery. The 18F-FDG PET/CT scans were acquired before pre- (scan-1) and post-conversion therapy (scan-2). The maximum standardized uptake value (SUVmax), TLR (tumor-to-normal liver standardized uptake value ratio), and the percentages of post-treatment changes in metabolic parameters (ΔSUVmax [%] and ΔTLR [%]) were calculated. Major pathological response (MPR) was identified based on the residual viable tumor in the resected primary tumor specimen (≤10%). Differences in the progression-free survival (PFS) and overall survival (OS) stratified by ΔTLR were examined by the Kaplan-Meier method.





Results

11 (11/28, 39.3%) patients were considered as MPR responders and 17 (17/28, 60.7%) patients as non-MPR responders after conversion therapy. ΔSUVmax (-70.0 [-78.8, -48.8] vs. -21.7 [-38.8, 5.7], respectively; P<0.001) and ΔTLR (-67.6 [-78.1, -56.8] vs. -18.6 [-27.9, 4.0], respectively; P<0.001) were reduced in the responder group than those in the non-responder group. According to the results of the receiver operating characteristic curve analysis, ΔTLR showed an excellent predictive value for the MPR of primary HCC lesions (area under curve=0.989, with the optimal diagnostic threshold of -46.15). When using ΔTLR of -21.36% as a threshold, patients with ΔTLR-based metabolic response had superior PFS (log-rank test, P=0.001) and OS (log-rank test, P=0.016) compared with those without ΔTLR-based metabolic response.





Conclusion

18F-FDG PET is a valuable tool for predicting pathological response and prognosis of unresectable HCC patients treated by Lenvatinib combined with PD-1 as a conversion therapy.





Keywords: unresectable hepatocellular carcinoma, conversion therapy, major pathological response, prognosis, 18F-FDG PET





Introduction

Primary liver cancer is the sixth most common cancer and the third leading cause of cancer death worldwide (1). Hepatocellular carcinoma (HCC), as the most common type of primary liver malignancy in the world (75-85% of cases), has shown an increasing prevalence rate globally (2). Although surgical resection is a potentially curative treatment for patients with HCC, the majority of these patients are already in the advanced stage of HCC, and only 40-50% of patients in developed countries with regular physical examination are diagnosed at an early stage (3). Because of liver dysfunction, advanced stage or poor performance, more than half of HCC patients are not candidates of radical resection, resulting in poor prognosis (4, 5).

Non-surgical local or systemic treatment is the predominant choice for most advanced HCC patients (6). In recent years, non-surgical treatment of liver cancer, particularly systemic therapy, has progressed. Especially, for some advanced HCC patients, the original unresectable lesions can be changed to resectable lesions through systemic therapy, which is also called conversion therapy (6). Anti-angiogenic drugs, such as tyrosine kinase inhibitors (TKIs), combined with immunotherapies (e.g., programmed cell death protein 1 [PD-1]) have become an important choice for unresectable or intermediate and advanced HCC, and for conversion therapy of potentially resectable HCC (7). Lenvatinib, a multi-target TKI, was approved for the treatment of unresectable HCC in European countries, USA, Japan, and China (8). Lenvatinib inhibited vascular endothelial growth factor (VEGF) and fibroblast growth factor (FGF) pathways, and suppressed the proliferation signals from VEGF receptor (VEGFR) and FGF receptor (FGFR), which were overexpressed in cancer cells (9, 10). As a type of immunotherapy, the PD-1 blocking monoclonal antibodies act directly on immune cells and block the inhibitory T-cell receptor PD-1, and have also been proven to be effective for the treatment of liver cancer (4). Anti-angiogenic drugs combined with immunotherapy can achieve an objective response rate (ORR) of about 30%, and the median survival for patients receiving this type of therapy can be up to 20 months (11–14). As one of the TKIs combined with immunotherapy, Lenvatinib combined with PD-1 inhibitors have also been confirmed to show a certain therapeutic effect (11, 15–20).

When an unresectable HCC patient successfully receives TKIs combined with immunotherapy and surgery, pathological response is a very important indicator for the postoperative recurrence and long-term survival of the patient (6). Studies have shown that the tumor-free survival of HCC patients after resection is related to pathological response, and the tumor-free survival of patients with pathological response is longer (20, 21). However, how to predict pathological response remains to be investigated. In terms of imaging evaluation, the modified Response Evaluation Criteria in Solid Tumors (mRECIST) criteria were the most common standard to evaluate the therapeutic response of liver lesions (22, 23). However, it is still unclear whether mRECIST can predict pathological response and prognosis of HCC patients after conversion therapy. Although 18F-fluorodeoxyglucose positron emission tomography/computed tomography (18F-FDG PET/CT) has exhibited a poor sensitivity for the detection of HCC compared with other solid tumors (24), 18F-FDG PET/CT has still been used for accurate staging, predicting therapeutic response, and detecting recurrence of HCC (25). In recent years, the metabolic parameters of 18F-FDG PET have shown a great value in predicting pathological response and prognosis of various malignant tumors after neoadjuvant therapy (26–28). However, there is no study on the metabolic parameters of 18F-FDG PET in predicting pathological response and prognosis of unresectable HCC patients undergoing conversion therapy. The present study aimed to explore the value of 18F-FDG PET in predicting pathological response and prognosis of unresectable HCC patients treated with Lenvatinib combined with PD-1 inhibitors as conversion therapy.





Materials and methods




Patients

This single-center retrospective study was based on a prospective, single-center, single-arm, investigator-initiated, clinical trial study, which was registered at http://www.chictr.org.cn/(ChiCTR1900023914), and it was approved by the Ethics Committee of the General Hospital of the People’s Liberation Army (Beijing, China). All patients were informed and signed the informed consent form before 18F-FDG PET/CT. The study was performed in accordance with the Declaration of Helsinki.

Between July 2019 and March 2023, unresectable HCC patients who underwent pre-treatment and post-treatment 18F-FDG PET/CT in the General Hospital of the People’s Liberation Army were retrospectively recruited. The inclusion criteria were as follows:(a) Patients older than 18 years and without a history of other malignance; (b) The diagnosis of HCC was pathologically confirmed by fine-needle biopsy or in accordance with the clinical diagnosis criteria of the American Association for the Study of Liver Diseases (AASLD) (29); (c) Patients who were diagnosed with unresectable HCC, and conversion therapy (combination of Lenvatinib and PD-1 inhibitors) could be performed after clinical evaluation; (d) 18F-FDG PET/CT was performed within 2 weeks prior to conversion therapy and within 3 weeks prior to surgery; I No other anti-tumor therapy was given during the treatment using Lenvatinib combined with PD-1 inhibitors, and the drugs were not terminated or changed during the therapy; (f) All patients underwent surgery and had definite postoperative pathological diagnosis; (g) High-quality 18F-FDG PET/CT images that could be used for diagnosis.





PET/CT scanning

All patients underwent 18F-FDG PET/CT (Biograph 64; GE Healthcare, New York, NY, USA). Patients were fasted for 6 h with plasma glucose levels under 11.1 mmol/L, and rested for at least 20 min in a quiet waiting room before intravenous administration of 18F-FDG (18F-FDG was produced by our department, with a radiochemical purity of >95%). Patients were injected with 18F-FDG at a dose of 3.70-4.44 MBq/kg (0.10-0.12 mCi/kg). PET/CT scan was performed after 60 min, beginning from the skull base to the upper femur in free-breathing mode. The low-dose CT (LDCT) parameters were as follows: voltage=120 kV, current=100 mAs, rotation=0.8, layer thickness=5 mm, and pitch=1. The parameters of PET included 3-dimensional mode, 2 min/bed (30% overlap), 4-5 beds/person, three iterations, 21 subsets, and Gaussian filter half-height width of 4.0 mm. Images were reconstructed with CT attenuation correction (CTAC) using the ordered subset expectation maximization (OSEM) algorithm.





Image analysis

Multiparametric analysis prototype (GE Healthcare), a dedicated prototypic post-processing tool, was used for image analysis. Quantitative analyses were performed by two experienced nuclear medicine physicians (WGY and MGY) who were blinded to patients’ clinical data. If there were discrepancies between the two physicians, the process would be repeated two weeks later to reach a consensus. Areas with abnormal uptake of 18F-FDG on PET and/or abnormal density on CT were defined as lesions. A two-dimensional region of interest (ROI) was delineated manually according to the boundary of the HCC lesion and portal vein tumor thrombus (PVTT) on each layer of transaxial CT images to form a three-dimensional volume of interest (VOI). Contrast-enhanced magnetic resonance imaging (MRI)/CT was used to accurately determine the VOI. The VOI was applied to the corresponding PET images, which were registered to CT images. To measure a normal liver activity, 3 non-overlapping spherical 1-cm (3)-sized VOIs were drawn in the normal liver on the axial PET images, avoiding the HCC areas on dynamic CT. The SUVmax (maximum standard uptake value) in HCC and PVTT for each patient was calculated by placing a spherical VOI over the sites of the HCC lesions and PVTT. Using the SUVmax of HCC and PVTT and mean SUV of the normal liver, TLR (tumor-to-normal liver standardized uptake value ratio, SUVmax of the tumor/SUVmean of the normal liver parenchyma) and PLR (PVTT-to-normal liver standardized uptake ratio, SUVmax of the PVTT/SUVmean of the normal liver parenchyma) were calculated for each patient. There were no significant differences in terms of SUVmean of the liver parenchyma between the MPR responder group and non-MPR responder group (pre-treatment: 2.41 ± 0.25 vs. 2.60 ± 0.33, P = 0.122; post-treatment: 2.38 ± 0.4 vs. 2.31 ± 0.41, P = 0.637).

The percentages of post-treatment changes in metabolic parameters were calculated as follows:

	







Furthermore, ΔSUVmax and ΔTLR of primary HCC lesions, and ΔPLR of PVTT were recorded, respectively.





Systemic therapy

Conversion therapy mainly included Lenvatinib and PD-1 inhibitors. Patients were treated with intravenous infusion of anti-PD-1 antibodies (dose, 200-240 mg for different drugs), and the vast majority of the data were collected under four treatment regimens (Pembrolizumab 200 mg/q3w, Sintilimab 200 mg/q3w, Toripalimab 240 mg/q3w, and Tislelizumab 200mg/q3w). Lenvatinib was given orally (8 or 12 mg/day, depending on the patient’s weight < 60 or ≥ 60 kg.





Follow-up during systemic therapy and radiological assessment

All patients were treated regularly and were monitored to assess their response to systemic therapy. Patients’ complete blood count, thyroid, cardiac, liver, renal, adrenal functions, and tumor markers prior to each cycle of PD-1 treatment were assessed. After 3 cycles of treatment with PD-1 inhibitors, tumor response of the patients was evaluated (according to RECIST ver. 1.1 (30) and mRECIST (22) criteria: complete response [CR], partial response [PR], stable disease [SD], and progressive disease [PD], and the resectability of liver cancer was investigated by contrast-enhanced MRI/CT and chest CT. The patients were categorized into responders (CR or PR) and non-responders (SD or PD) according to mRECIST. Immune-related adverse events (irAEs) were assessed using the National Cancer Institute’s Common Terminology Criteria for Adverse Events (ver. 4.0) (31, 32) (Table S1).





Criteria for successful conversion therapy

The criteria for successful conversion therapy were summarized as follows (33): (a) Child-Pugh grade A; (b) Eastern Cooperative Oncology Group Performance Status (ECOG PS) score ≤ 1; (c) Shrinkage or disappearance of metastatic lymph nodes, and the remaining lymph nodes can be removed; (d) No new extrahepatic metastases; I Intact vascular structure (including the inflow and outflow) of the reserved liver; (f) The expected ratio of future liver remnant volume to standard liver volume (FLR/SLV) after resection of tumor-bearing liver is ≥40% in compromised livers and 35% in normal livers. All patients who met the criteria for successful conversion therapy would be informed of the benefits and risks of surgery.





Histopathological assessment of tumor regression

Surgical specimens were analyzed by two experienced pathologists who were blinded to the patients’ treatment and outcomes. The pathological treatment response (PTR) was classified based on the tumor cellularity. The primary tumors and PPVT were recorded. Major pathological response (MPR, ≤10% residual viable tumor) or complete pathological response (CPR, no residual viable tumor) following immunotherapy was used as endpoints in the great majority of clinical trials (34, 35). Whether patients reached CPR or MPR through HCC lesions and PVTT (if present) was comprehensively considered.

We categorized all patients according to their pathological response into MPR responder and non-MPR responder groups.





Postoperative therapy and follow-up

Patients continued to receive therapy according to the pathological results and their personal conditions at 4-6 weeks after surgery and clinical evaluation. Serum tumor biomarkers were examined every cycle, and imaging examinations (contrast-enhanced MRI/CT or abdominal ultrasound) were performed every 3 months to monitor HCC recurrence. HCC recurrence was defined as the presence of radiological evidence of new intra- and/or extra-hepatic tumors (36). According to the guidelines, post-recurrence treatments were administered (6). The time of recurrence and death was recorded, respectively.





Statistical analysis

Quantitative data were expressed as median (interquartile range [IQR]) or mean ± standard deviation (SD). Qualitative data were expressed as number of cases and percentage (n [%]). Homogeneity of variance of the data was verified using Levene’s test, and normal distribution of the data by Shapiro–Wilk test. The student’s t-test or Mann-Whitney U test was used to compare 18F-FDG PET/CT metabolic parameters among different groups. The categorical variables were analyzed by the Fisher’s exact test or the Chi-square test. The optimal cut-off values for continuous variables were estimated using receiver operating characteristic (ROC) curve analysis with the area under the curve (AUC), and sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) were calculated, respectively. PTR was compared with 18F-FDG PET/CT metabolic parameters using Spearman correlation analysis.

The metabolic parameters were dichotomized according to specific cutoff values, which were determined by using ROC curve analysis. Progression-free survival (PFS) was determined as the interval from the start of conversion therapy to the date of disease relapse/progression. Overall survival (OS) was defined as the interval between the conversion therapy and death from any cause. All patients were followed up for at least 6 months (i.e., 2 of 28 patients who was followed up for shorter than 8 months was excluded). Kaplan Meier was used to plot the survival curve and log-rank test of PFS and OS difference was used to evaluate the significance.

The statistical analysis was performed using SPSS 24.0 (IBM, Armonk, NY, USA) and R 4.0.2 (Bell Laboratories, Holmdel, NJ, USA) software. All statistical tests were two-sided and the significance level was set at P=0.05.






Results




Patients’ characteristics

Eventually, 28 patients underwent surgical excision after successful conversion therapy in our study (24 men; median age: 58.0 years, IQR: 51.8–61.8 years; Figure 1). Among them, 11 (11/28, 39.3%) and 17 (17/28, 60.7%) patients were assigned to MPR responder group and non-MPR responder group, respectively. In addition, 5 of 11 patients in the MPR responder group achieved CPR. There was no significant difference in baseline characteristics between MPR responder group and non-MPR responder group in terms of general status (age, gender, body mass index [BMI], alcohol abuse, history of liver diseases, and ECOG PS score), clinical data (Barcelona clinic liver cancer [BCLC] stage, Child-Pugh score, and baseline alpha fetoprotein [AFP] level), imaging findings (tumor diameter, cirrhosis, macroscopic portal vein invasion, extrahepatic metastases), surgical findings (strategy of hepatectomy and R0 resection) and the type of PD-1 inhibitors. The post-treatment AFP level (normal or abnormal), number of tumor and the distribution of mRECIST were significantly different between the two groups (P=0.025, P=0.025 and P=0.001, respectively; Table 1). Due to the impact of conversion therapy, only two patients in MPR responder group determined the degree of pathological differentiation, both of whom were poorly differentiated; Among patients in non-MPR responder group, 10 were moderately differentiated, 5 were moderately poorly differentiated, and 1 was poorly differentiated. The median time between the start of conversion therapy and surgery was 107.0 days (IQR: 92.3-133.8 days), the median cycle of conversion therapy was 5.0 (IQR: 4.0-5.8), the median time between the pre-treatment 18F-FDG PET/CT and the start of conversion therapy was 4.0 days (IQR: 2.0-7.0 days), the median time between post-treatment 18F-FDG PET/CT and surgery was 6 days (IQR: 3.3-8.8 days), and the median time between two 18F-FDG PET/CT was 104.5 days (IQR: 90.0-132.3 days). Supplementary Table 2 shows the details of patients’ conversion therapy and surgery.




Figure 1 | The flow diagram of study. HCC, Hepatocellular carcinoma; 18F-FDG PET/CT, 18F-fluorodeoxyglucose positron emission tomography/computed tomography.




Table 1 | Baseline Clinical and Pathologic Characteristics.







Tumor metabolic parameters of 18F−FDG PET indicated a significant difference between MPR responder and non−MPR responder groups and predicted pathological response of MPR patients

Pre-treatment 18F-FDG PET metabolic parameters were compared between responder group and non-responder group, and there was a significant difference in SUVmax (11.6 [8.7, 16.7] vs. 6.7 [4.5, 10.8], respectively; P=0.028) and TLR (5.1 [3.9, 6.5] vs. 2.3 [1.8, 4.0], respectively; P=0.022) on pre-treatment scan. The metabolic parameters of post-treatment scan showed no significant difference between MPR responder group and non−MPR responder group (P=0.053 and 0.059 for SUVmax and TLR, respectively). ΔSUVmax (%) (-70.0 [-78.8, -48.8] vs. -21.7 [-38.8, 5.7], respectively; P<0.001) and ΔTLR (%) (-67.6 [-78.1, -56.8] vs. -18.9 [-27.9, 2.6], respectively; P<0.001) were significantly lower in the MPR responder group than those in the non−MPR responder group after conversion therapy (Table 2).


Table 2 | The difference of 18F-FDG PET parameters between MPR responders and non-MPR responders in primary lesion.



Compared mRECIST and other 18F-FDG PET metabolic parameters, ΔTLR (%) showed the largest AUC (AUC=0.989, 95% confidence interval [CI]: 0.962-1.000), with the optimal diagnostic threshold of -46.15. The sensitivity, specificity, PPV, and NPV were 0.909 (0.571-0.995), 1.000 (0.771-1.000), 1.000 (0.655-1.000), and 0.944 (0.706-0.997), respectively (Table 3 and Figure 2). The relationship between the ΔTLR (%) and the mRECIST criteria and pathological response is detailed in Figure 3.


Table 3 | Differential diagnostic efficiency of 18F-FDG PET metabolic parameters and mRECIST criteria between MPR-responders and MPR-non-responders.






Figure 2 | The area under the ROC curve for predicting major pathological response for SUVmax (Scan 1), TLR (Scan 1), ΔTLRand ΔSUVmax was 0.775, 0.791, 0.941 and 0.989, respectively, both are above the mRECIST criteria (0.660).






Figure 3 | Waterfall plot presenting the percentage of change in primary tumor TLR from baseline to on-treatment per individual patient and the preoperative primary HCC lesions of patients determined by mRECIST criteria. Bar color indicates CPR response (green), MPR response (blue) or non-response (red).







Correlation between 18F-FDG PET metabolic parameters and pathological response

The Spearman correlation analysis was carried out to explore the relationship between 18F-FDG PET metabolic parameters and pathological response. The results showed that ΔTLR (%), ΔSUVmax (%), TLR (Scan 1), SUVmax (Scan 1), and SUVmax (Scan 2) were correlated with pathological response, with correlation coefficients (rs) of -0.83, -0.75, 0.49, 0.47, and -0.38, respectively (P<0.05). The TLR(Scan 2) showed a lower correlation (r=-0.37), whereas no significant difference was found (P>0.05). The results are displayed in Figure 4.




Figure 4 | Correlation between 18F-FDG PET metabolic parameters and pathological response. The figure showed a strong correlation between ΔTLR and MPR (r = -0.83, P< 0.01).







Prognostic value of 18F-FDG PET on PFS and OS

The follow-up ended in February 15, 2023. Twopatients waere not included in the analysis due to short follow-up time. During the follow-up period, 19/26 (73.1%) patients showed a disease progression, and median follow-up was 14.7 (IQR:6.6-23.6) months; 7/26 (26.9%) patients died, and median follow-up was 27.6 (IQR: 12.7-31.1) months. When ΔTLR of -46.15% was used as a threshold, patients with ΔTLR-based metabolic response had no superior PFS (log-rank test, P=0.112) and OS (log-rank test, P=0.218) compared with those without a ΔTLR-based metabolic response. According to ROC analysis, when ΔTLR of -21.36% was used as a threshold, patients with ΔTLR-based metabolic response had superior PFS (log-rank test, P=0.001) and OS (log-rank test, P=0.016) compared with those without ΔTLR-based metabolic response (Figure 5). Patients’ follow-up data are summarized in Supplementary Table S3.




Figure 5 | (A) Progression-free survival (PFS) of patients with ≥ 21.36% decrease in TLR at primary tumor site (red) from baseline to on-treatment and patients without ≥ 21.36% decrease (green). (B) Overall survival (OS) of patients with ≥21.36% decrease in TLR at primary tumor site (red) from baseline to on-treatment and patients without ≥21.36% decrease (green). P values were calculated using log-rank test.







18F-FDG PET identified PVTT involvement

In this study, 17 of 28 (60.7%) patients had macroscopic portal vein invasion. The number of residual tumor cells in PVTT was analyzed in 14 patients. Among them, 9 (9/14, 64.3%) patients were considered as PVTT CPR-responders and 5 (5/14, 35.7%) patients were PVTT CPR-non-responders. The metabolic parameters of pre-treatment scan, post-treatment scan, and the percentage of change in pre-treatment scan and post-treatment scan showed no significant difference between the responder group and the non-responder group (Table 4).


Table 4 | The difference of 18F-FDG PET metabolic parameters between CPR-responders and CPR-non-responders in PVTT.








Discussion

To our knowledge, this is the first study to report the role of 18F-FDG PET in predicting pathological response and prognosis of unresectable HCC patients after treated by Lenvatinib in combination with PD-1 inhibitors as conversion therapy. The results suggested that the differences between the TLR (ΔTLR, %) of pre-treatment 18F-FDG PET and post-treatment 18F-FDG PET were promising imaging biomarkers for pathological response and prognosis of primary unresectable HCC after treated with the PD-1 blockade in combination with Lenvatinib as conversion therapy. However, 18F-FDG PET was not a predictive factor of PVTT pathological response.

CPR has been proven to be an important prognostic factor for patients with multiple malignancies after treatment and surgery, including HCC (37, 38). However, for patients with unresectable HCC, there are few options to achieve CPR, thus, MPR is a good alternative. MPR, defined as equal to 10% residual tumor following neoadjuvant therapy, has also been used as a prognostic factor of malignant tumors, such as non-small cell lung cancer (39), pancreatic cancer (40), and melanoma (41). The possible reason is that patients may not need a complete pathological resolution of the tumor burden to experience clinical benefits, because the main mechanism of the clinical benefits of immunotherapy-based conversion therapy is to initiate an anti-tumor immune response that may systematically seek and destroy microscopic tumor deposits that may lead to tumor recurrence (34). Compared with the traditional RECIST (ver. 1.1) criteria, mRECIST criteria based on CT or MRI were developed to better evaluate the response of liver lesions (6), and they possess some advantages in terms of assessing the degree of pathological response (42). After the treatment takes effect, tumor necrosis appears first, while absorption is relatively slow. Due to the histological and biological changes caused by tumor necrosis, mRECIST criteria are more appropriate for imaging evaluation of conversion therapy (7). However, some studies have shown that mRECIST criteria are only appropriate for assessing pathological response of HCC patients receiving neo-adjuvant therapy before liver transplantation (43). For treatment response, the metabolic parameters of 18F-FDG PET also play an important role in predicting HCC (44–46). However, no study has analyzed the pathological response of 18F-FDG PET in patients with unresectable HCC after receiving Lenvatinib in combination with PD-1 inhibitors as conversion therapy.

Our previous study indicated that pre-treatment TLR was a potent marker to predict pathological response of HCC patients (BCLC stage C) treated with Lenvatinib and PD-1 inhibitors as conversion therapy (33). In the present study, it was found that pre-treatment TLR could predict MPR (AUC=0.791, sensitivity=81.8%, specificity=76.5%), which is similar to our previous study. One explanation is that the FDG uptake is positively correlated with the content of tumor-infiltrating lymphocytes (TILs), especially T cells (47–49). Besides, the high FDG uptake in HCC may be a valuable predictor of an extremely rapid response to Lenvatinib (50). This may explain the relationship between the high FDG uptake and pathological response, and it is also because more TILs are accumulated in responders’ HCC lesions, and they may more strongly promote the local and systematic enhancement of T cell-mediated anti-tumor immunity by TKIs combined with immunotherapy than non-responders. Therefore, the therapeutic effect of responders was better. This suggested to some extent why there was a greater difference in FDG uptake between pre-treatment and post-treatment 18F-FDG PET, and the patient was more likely to achieve MPR. Our results showed that ΔTLR (cut-off value: -46.15%) was the best parameter to predict pathological response of primary HCC lesions, and it was more accurate than mRECIST criteria (Figure 6). However, in our patients, four patients showed an increase in ΔTLR. But all four patients were in the non−MPR responder group, and their treatment cycles were relatively short, ranging from 3-5 cycles. All four patients had relapsed, and two died. The reason may be that although the volume of the tumor has decreased, the surviving tumor cells have stronger activity and stronger metabolism compared to before, leading to an increase in FDG uptake, which may lead to postoperative recurrence in these patients. Therefore, using 18F-FDG PET to evaluate the conversion therapy effectiveness of unresectable HCC patients at different time points may also help to find a more accurate surgical time. 18F-FDG PET may provide more reliable imaging predictors for the timing of operation for unresectable HCC patients treated with Lenvatinib and PD-1 inhibitors as conversion therapy.




Figure 6 | Image A1 shows a 51-year-old man with BCLC-C stage hepatocellular carcinoma in the left hepatic lobe (red arrow), and the patient was accompanied by lymph node metastasis (blue arrow). The hepatic lesion of pre-treatment 18F-FDG PET/CT (2020–06–19) showed that tumor-to-normal liver standardized uptake value ratio (TLR) was 8.21, and the hepatic lesion of post-treatment 18F-FDG PET/CT (2020–09–21) showed that TLR was 1.80. The percentage of change in TLR was -78.08. The baseline AFP level was 960.4 ng/mL, the baseline tumor diameter was 106 mm, and the Child-Pugh score was 5. The patient had no history of hepatitis and drinking, while had a history of liver cirrhosis. After conversion therapy (4 cycles of Lenvatinib and Sintilimab), the AFP level decreased to 2.95 ng/mL and the tumor diameter decreased to 85 mm. The patient underwent left hemihepatectomy and lymph node dissection, and histopathological evaluation of response revealed major histopathological response to therapy (residual viable tumor cells rate =8%; Image A2 ①), and no residual tumor tissue was found in metastatic lymph nodes; Image A2 ②). The patient died of myocardial infarction 14.9 months later, and there was no recurrence during the follow-up period. Image A2 shows: ① the hepatic tumor, with a small number of tumor cells, some visible mitotic figures, surrounded by a large number of lymphocyte infiltration (×200); ② showed a large number of necrotic tissues in metastatic lymph nodes and cell aggregation (×200). Image B1 shows a 51-year-old man with BCLC-C stage hepatocellular carcinoma in the right hepatic lobe (red arrow), and the patient was accompanied by portal vein tumor thrombus (PVTT; blue arrow). The hepatic lesion of pre-treatment 18F-FDG PET/CT (2020–09–09) showed that TLR was 4.22, and the hepatic lesion of post-treatment 18F–FDG PET/CT (2021–01–21) showed that TLR was 1.37. The hepatic lesion of pre-treatment 18F-FDG PET/CT (2020–09–09) showed that PVTT-to-normal liver standardized uptake value ratio (PLR) was 3.85, and the hepatic lesion of post-treatment 18F-FDG PET/CT (2021–01–21) showed that PLR was 0.87. The percentage of change in TLR and PLR was -67.61 and -77.44, respectively. The baseline AFP level was 86.78 ng/mL, the baseline tumor diameter 190 mm, and the Child-Pugh score 6. The patient had no history of hepatitis, while had a history of liver cirrhosis. After conversion therapy (4 cycles of Lenvatinib and Sintilimab), the AFP level decreased to 1.88 ng/mL and the tumor diameter decreased to 127 mm. The patient underwent right hemihepatectomy and PVTT resection. The histopathologic evaluation of primary liver lesion response indicated major histopathological response to therapy (residual viable tumor cells rate<5%; Image B2 ①) and the histopathological evaluation of PVTT response revealed complete histopathological response to therapy (residual viable tumor cells rate=0%; Image B2 ②). No recurrence or death occurred during the follow-up period. Image B2 shows: ① showed the hepatic tumor with no viable tumor cells but foam cells aggregation (blue arrows), and scattered lymphocyte infiltration (×200); ② showed a large area of necrosis in the PVTT, with a large number of inflammatory cell infiltration and foam cell reaction around it, and no obvious viable tumor cells (×200). Image C1 shows a 38-year-old man with BCLC-C stage hepatocellular carcinoma in the right hepatic lobe (red arrow), and the patient was accompanied by portal vein tumor thrombus (blue arrow). The hepatic lesion of pre-treatment 18F-FDG PET/CT (2020–09–18) showed that TLR was 1.94, and the hepatic lesion of post-treatment 18F-FDG PET/CT (2021–03–30) showed that TLR was 1.39. The hepatic lesion of pre-treatment 18F-FDG PET/CT (2020–09–18) showed that PLR was 2.20, and the hepatic lesion of post-treatment 18F-FDG PET/CT (2021–03–30) showed that PLR was 1.35. The percentage of change in TLR and PLR was -28.08 and -38.59, respectively. The baseline AFP level was 289.4 ng/mL, the baseline tumor diameter 48 mm, and the Child-Pugh score 5. The patient had no history of hepatitis, while had a history of liver cirrhosis. After conversion therapy (9 cycles of Lenvatinib and Sintilimab), the AFP level decreased to 35.04 ng/mL and the tumor diameter decreased to 23 mm. The patient underwent S7 segmentectomy and PVTT resection. The histopathological evaluation of response revealed no major histopathological response to therapy (residual viable tumor cells rate =85%; Image C2 ①) and the histopathological evaluation of portal vein tumor thrombus response indicated no complete histopathological response to therapy (residual viable tumor cells rate=50%; Image C2 ②). No recurrence or death occurred during the follow-up period. Image C2 shows: ① showed the tumor cell with degeneration, deep staining of the nucleus, obvious atypia (blue arrows), and a large number of lymphocyte infiltration around (×200); ② showed PVTT, visible tumor cells with some cancer tissue degeneration, visible hemorrhage necrosis and foam cell aggregation (×200).



As pathological response is associated with prognosis of HCC patients, we hypothesized that FDG metabolic parameters can also predict the prognosis of unresectable HCC patients after receiving Lenvatinib in combination with PD-1 inhibitors as conversion therapy. There are limited data of biomarkers to help decision-making and guide the treatment of advanced HCC (51), and there is no imaging biomarker for prognosis of patients with unresectable HCC after conversion therapy. The present study revealed that ΔTLR (cut-off value: -21.36%) was also an indicator to predict PFS and OS of patients receiving Lenvatinib in combination with PD-1 inhibitors as conversion therapy. Previous studies have shown that the more obvious the reduction of FDG uptake, the better the prognosis (PSF or/and OS) of patients with other malignant tumors treated with TKIs or immunotherapy (52–55). Our present study indicated a potential imaging biomarker of the therapeutic efficacy and prognosis of patients with advanced HCC after treated by conversion therapy.

However, our study found that metabolic parameters of PET could not predict pathological response of PVTT. PVTT plays a major role in the prognosis and clinical staging of HCC (56, 57), some studies have shown that HCC patients with PVTT after neo-adjuvant therapy still have better survival outcomes than those without neo-adjuvant therapy (58, 59). Huang et al. demonstrated that the ORR of Lenvatinib combined with PD-1 inhibitors was 54.5% for macrovascular tumor thrombi (MVTT) and 32.8% for hepatic tumors, and among 17 MVTT patients who achieved ORR, 6 (18.1%) patients underwent surgery (60). Postoperative pathology indicated that 66.7% of patients with PVTT achieved pathological complete necrosis. This confirmed that the conversion therapy of Lenvatinib combined with PD-1 inhibitors had a promising therapeutic effect on PVTT. Therefore, biomarkers are also needed to evaluate pathological response of patients with PVTT. It has been reported that FDG uptake has diagnostic and prognostic value for HCC PVTT (61, 62). However, the components in the tumor thrombus are more complex than the original tumor. After treatment for the tumor thrombus, there may still be many tumor-infiltrating inflammatory cells, which may lead to the increased FDG uptake, disabling metabolic parameters to predict pathological response of patients with PVTT. It is noteworthy that fewer patients were included in this study, and bias was inevitable. More studies are still required to verify our findings.

The present study has some limitations. First, it was a retrospective single-center study and the number of enrolled patients was small. This may bias the study results. However, due to the low proportion of unresectable HCC patients treated with Lenvatinib and PD-1 Inhibitors as a conversion therapy and successfully undergo conversion surgery (63–65), few patients could be included in our study. Second, the follow-up was short, and a longer follow-up period is needed to examine whether 18F-FDG PET metabolic parameters on primary tumors can predict survival outcomes of HCC patients after treated with Lenvatinib in combination with PD-1 inhibitors as conversion therapy, followed by surgery. Third, only pathological treatment response of the primary tumor and PVTT was assessed, and there is still a lack of evidence on extrahepatic metastases. Especially, in our study, except for 18F-FDG PET, we found that there was a significant difference between MPR responder group and non-MPR responder group in whether the post-treatment AFP levels were normal. This may also provide biomarkers for predicting pathological response, but more research is still needed. Fourth, due to the small number of patients, we were unable to analyze more related factors and predicting biomarker in the survival analysis, such as tumor responses, PVTT, male, baseline AFP level and liver disease history (51, 60, 65, 66). It is therefore essential to comprehensively analyze the related factors in the future large-scale research. Fifthly, since the pathological results of most patients in MPR responder group did not indicate the tumor differentiation, the impact of HCC differentiation on 18F-FDG uptake could not be considered. In the future, we will design prospective studies with a longer follow-up and a larger sample size to verify the role of 18F-FDG PET in predicting pathological response and prognosis of unresectable HCC patients after treated by Lenvatinib in combination with PD-1 inhibitors as conversion therapy.





Conclusions

In conclusion, the results of this study suggest that 18F-FDG PET is a precious tool for predicting pathological response and prognosis of patients with primary unresectable HCC after treated by Lenvatinib combined with PD-1 inhibitors as conversion therapy. Our study provided valuable markers for clinical decision-making, preoperative evaluation and prognostic prediction of patients with unresectable HCC.
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A corrigendum on 


The role of 18F−FDG PET in predicting the pathological response and prognosis to unresectable HCC patients treated with lenvatinib and PD-1 inhibitors as a conversion therapy
 by Wang G, Zhang W, Luan X, Wang Z, Liu J, Xu X, Zhang J, Xu B, Lu S, Wang R and Ma G (2023). Front. Immunol. 14:1151967. doi: 10.3389/fimmu.2023.1151967


In the published article, there was an error in the formula in the manuscript.

A correction has been made to Materials and Methods, Image analysis, Paragraph 2. This sentence previously stated:

“The percentages of post-treatment changes in metabolic parameters were calculated as follows:

	

	

	

The corrected sentence appears below:

“The percentages of post-treatment changes in metabolic parameters were calculated as follows:

	

	

	

The authors apologize for this error and state that this does not change the scientific conclusions of the article in any way. The original article has been updated.
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Background

Forkhead box M1 (FOXM1) is a member of the Forkhead box (Fox) transcription factor family. It regulates cell mitosis, cell proliferation, and genome stability. However, the relationship between the expression of FOXM1 and the levels of m6a modification, immune infiltration, glycolysis, and ketone body metabolism in HCC has yet to be fully elucidated.





Methods

Transcriptome and somatic mutation profiles of HCC were downloaded from the TCGA database. Somatic mutations were analyzed by maftools R package and visualized in oncoplots. GO, KEGG and GSEA function enrichment was performed on FOXM1 co-expression using R. We used Cox regression and machine learning algorithms (CIBERSORT, LASSO, random forest, and SVM-RFE) to study the prognostic value of FOXM1 and immune infiltrating characteristic immune cells in HCC. The relationship between FOXM1 and m6A modification, glycolysis, and ketone body metabolism were analyzed by RNA-seq and CHIP-seq. The competing endogenous RNA (ceRNA) network construction relies on the multiMiR R package, ENCORI, and miRNET platforms.





Results

FOXM1 is highly expressed in HCC and is associated with a poorer prognosis. At the same time, the expression level of FOXM1 is significantly related to the T, N, and stage. Subsequently, based on the machine learning strategies, we found that the infiltration level of T follicular helper cells (Tfh) was a risk factor affecting the prognosis of HCC patients. The high infiltration of Tfh was significantly related to the poor overall survival rate of HCC. Besides, the CHIP-seq demonstrated that FOXM1 regulates m6a modification by binding to the promoter of IGF2BP3 and affects the glycolytic process by initiating the transcription of HK2 and PKM in HCC. A ceRNA network was successfully obtained, including FOXM1 - has-miR-125-5p – DANCR/MIR4435-2HG ceRNA network related to the prognosis of HCC.





Conclusion

Our study implicates that the aberrant infiltration of Tfh associated with FOXM1 is a crucial prognostic factor for HCC patients. FOXM1 regulates genes related to m6a modification and glycolysis at the transcriptional level. Furthermore, the specific ceRNA network can be used as a potential therapeutic target for HCC.





Keywords: FoxM1, hepatocellular carcinoma, immune infiltration, m6A modification, glycolysis




1 Introduction

Liver cancer is the third most prevalent malignancy, mainly comprising hepatocellular carcinoma (HCC, also known as LIHC) and intrahepatic cholangiocarcinoma (ICC), of which incidence and mortality rates are increasing worldwide (1). HCC accounts for approximately 75% ~ 90% of all liver cancer cases and is a significant cancer type with a poor prognosis (2). Despite the latest advances in HCC screening and treatment modalities, conventional curative treatments are generally ineffective for HCC because most HCC patients present at an advanced stage to an extent when they are diagnosed (3). Therefore, researching the in-depth investigations of the underlying tumorigenesis and tumor development mechanisms of HCC for screening and prevention is paramount.

The FOXM1 transcription factors are crucial for G1–S and G2–M cell cycle phase progression and mitotic spindle integrity (4). In tumor cells, the expression and the transcriptional activity of FOXM1 are typically upregulated, and overexpression of FOXM1 has been involved in almost all major hallmarks of cancer, manifesting an oncogenic function (5). On the one hand, FOXM1 promotes cancer development by transactivating the expression of its target genes during transcription. On the other hand, FOXM1 may play an oncogenic role that functions within protein interaction networks and protein complexes to activate different oncogenic pathways (6). The strategy of targeting transcription factors has been considered a promising approach in tumor therapy (7). Regarding the multiple biological functions of FOXM1, it has been proven to be a potential therapeutic target for cancer (8), while there are no FDA-approved FOXM1 targeting drugs in oncology treatment.

This study analyzed TCGA data of hepatocellular carcinoma patients for gene RNA-seq expression and clinical information. It used multidimensional analysis to provide an understanding of expression patterns and functional networks to the expression of FOXM1. Use machine learning methods to screen potential diagnostic FOXM1-related infiltrating immune cells in HCC. Evaluating the relationship between differential FOXM1 expression and m6a and glycolysis/KBM-related genes and a comprehensive analysis of genome-wide FOXM1 binding sites in Huh-7 cell lines predicts FOXM1-driven m6a and glycolysis/KBM gene regulation. Finally, FOXM1 was used as the core molecule to predict its associated ceRNA network. To provide a theoretical basis for discovering possible molecular pathways of FOXM1. The schematic diagram of the research design is shown in Figure 1.




Figure 1 | Schematic diagram of the study design.






2 Method



2.1 Ethics statement

This study proposal has been approved by the Ethics Committee of Changsha Hospitalof Traditional Chinese Medicine (Changsha Elghth Hospltal) and conducted in accordance with the research principles described in the Helsinki Declaration.




2.2 Data collection and preprocessing

The GDC download tool (https://portal.gdc.cancer.gov) from the Cancer Genome Atlas (TCGA) database was used to download the transcriptome data and clinical follow-up data for liver cancer (TCGA-liver hepatocellular carcinoma, LIHC). Each gene expression was normalized using the transcripts per kilobase of exon model per Million mapped reads (TPM) metric. Then we kept the expression matrix of 56,494 genes containing 50 normal and 374 tumor samples. The GSE84006 HCC array datasets containing 38 paired samples were downloaded from the gene expression omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). When multiple probes correspond to the same gene symbol, the maximum value was considered the final value. The somatic variants in Mutation Annotation Format (MAF) were downloaded from TCGA, and Maftools (9) R package was used for the integrative analysis of somatic variants. The CHIP-seq data is a bigwig and bed file of the Huh-7 cell line that was downloaded in the GSE176383 dataset with reference GRch38primary assembly and visualized by IGV software. Every CHIP-seq peak was called at a false discovery rate (FDR) < 0.05.




2.3 Differentially expressed genes screening

The original expression data of TCGA were transformed with log2, and differentially expressed genes (DEGs) were identified by the DESeq2 package of R language (9) under the criteria of |log2FC| > log2(2) and P < 0.05.




2.4 RNA extraction and RT-PCR

The total RNA of patients’ tissues was isolated from cells using RNA easy fast tissue/cell kit (TIANGEN, China, DP451). Use Prime Script RT reagent kit (TIANGEN, China, KR118-02) for reverse transcription, and then use SYBR Prime Script RT PCR kit (TIANGEN, China, FP209-02) for RT-PCR. Use β-Actin as an internal reference and the 2-△△Ct method to calculate the results. FOXM1 primer sequences: forward primer 5’- GCTTGCCAGAGTCCTTTTTGC -3’ and reverse primer 5’- CCACCTGAGTTCTCGTCAATGC -3’. β-Actin primer sequences: forward primer 5’- CATGTACGTTGCTATCCAGGC -3’ and reverse primer 5’- CTCCTTAATGTCACGCACGAT -3’.




2.5 Immunohistochemistry

HCC tissues from five patients with HCC and five patients with healthy livers were fixed with 4% paraformaldehyde, dehydrated, paraffin-embedded, and prepared into tissue chips. After dewaxing and hydration, a 10 mM sodium citrate antigen repair solution was used at 95°C for 15 min for antigen repair. Then endogenous peroxidase was blocked by 3% H2O2 for 30 min at room temperature. Nonspecific antigens were blocked with 5% BSA in PBS for 30 min. The mouse monoclonal antibodies of FOXM1 (1:200, Cell Signaling Technology, USA, 20459) were incubated overnight at 4°C. Next, secondary antibody binding was detected with goat anti-mouse IgG-HRP (1:2000, Beyotime, China, A0216). DAB and hematoxylin were then used for staining. Images were photographed with a microscope.




2.6 Co-expression analysis

Based on the LinkedOmics platform (10) (http://www.linkedomics.org/admin.php) using the Pearson correlation test method for RNA-Seq, FOXM1 positive and negative co-expression genes were screened under the condition of FDR < 005. The protein-protein interactions PPI network for FOXM1 and its neighbor genes was constructed using the String platform (https://cn.string-db.org/). The R package clusterProfiler (11) was used to process the Genome Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis of FOXM1 co-expression genes.




2.7 Gene set enrichment analysis

Based on the clusterProfiler package (11), gene set enrichment analysis (GSEA) (12) was carried out for further underlying mechanism analysis of FOXM1. Patients in the LIHC cohort were stratified into low or high groups based on gene expression, using the median expression as the cut-off value. The high-expression was compared with the low-expression group by GSEA analysis. The c2.cp.v7.2.symbols.gmt [Curated] was selected as annotated gene set.




2.8 Machine learning and immune infiltration analysis

To uncover the potential role of FOXM1 on the single-cell level, the Tumor Immune Single-cell Hub (TISCH) database (13) (http://tisch.comp-genomics.org/home/) was employed to analyze the correlation between FOXM1 expression and immune cells. Furthermore, We utilized the Least absolute shrinkage and selection operator (LASSO), random forest (RF), and support vector machine-recursive feature elimination (SVM-RFE) to figure out the key immune cells from 22 immune cells by the CIBERSORT (14) algorithm. First, we performed the CIBERSORT algorithms to quantify immune cells’ activity or enrichment levels in LIHC tumor tissues. Subsequently, the “glmnet,” “randomForest,” and “e1071” R package was performed with the CIBERSORT scores of FOXM1 high and low group and follow-up data of each patient to carry out the LASSO, SVM-RFE, and RF analysis of immune cells, respectively. The overlapping immune cells of three algorithms were further screened with multivariate Cox regression analysis, and the key immune cells were evaluated by ROC curve.




2.9 CeRNA network analysis

The multiMiR R package was used for exploring microRNA (miRNA) that has been experientially validated to interact with FOXM1. The long non-coding RNA (lncRNA) interaction with screened miRNA was predicted by ENCORI (15) platform (https://rna.sysu.edu.cn/encori/index.php) and miRNet (16) platform (https://www.mirnet.ca/). Besides, the subcellular localization of ceRNA was analyzed by the lncLocator (17) platform. According to the ceRNA hypothesis, mRNA and lncRNA negatively correlate to miRNA, RNA expression analysis, and overall survival analysis in the LIHC cohort to construct the ceRNA network.




2.10 Statistical analysis

All statistical analyses in this study were conducted using GraphPad Prism 7.0 and R. The correlation between diagnostic gene expression levels and clinical factors was determined using unpaired Student’s t-tests for continuous variables and Fisher’s exact tests for categorical variables. To analyze the data normalization, a non-parametric statistical analysis was performed. Data with non-parametric characteristics were analyzed with the Kruskal-Wallis or Wilcoxon two-sample test. A two-sided P < 0.05 was considered to indicate statistical significance for all analyses.





3 Result



3.1 FOXM1 expression and mutation analysis

The progression of HCC is usually accompanied by abnormal gene expression and poor prognosis. Expression of FOXM1 in matched HCC tissues was found to be higher than that in adjacent samples (Figure 2A). Data from the RT-PCR revealed a consistent trend (Figure 2B). IHC analysis demonstrated that FOXM1 was mainly overexpressed in the nucleus, consistent with its role as a transcription factor (Figure 2C). We used the maftools package to screen the 10 genes with the highest mutation frequencies in the FOXM1 high and low expression groups, respectively (Figures 2D, E). The results showed a high frequency of mutations in TP53, TTN, CTNNB1, MUC16, and PCLO in the high FOXM1 expression group. These mutated genes are known biomarkers of HCC and are of great value for evaluating the malignant tumor progression or therapeutic response (18). The critical genes in HCC progression were usually correlated with cancer stages and patient prognosis. Patients with HCC showed more advanced stage, grade, and T stage in the FOXM1 high-expression group (Figure 2F) and shorter overall and disease-free survival (Figure 2G) outcomes.




Figure 2 | FOXM1 is highly expressed in HCC and is associated with high-frequency mutation and poor prognosis. (A) FOXM1 expression level in TCGA databases. (B) Difference of expression of FOXM1 in clinical samples. (C) The protein level of FOXM1 in healthy liver and primary HCC samples was detected by immunohistochemistry, bar 10 μm. The landscape profile of the top 10 mutated genes in the FOXM1 high expression group (D) and FOXM1 low expression group (E) from the TCGA database. (F) The proportion difference of clinical indices (including tumor, node, metastasis stages, and pathological grade) in the FOXM1 high and low expression groups from the TCGA LIHC dataset. (G) Prognostic relationship (OS and DFS) between FOXM1 and patients with HCC. (***p < 0.001, ****p < 0.0001).






3.2 Enrichment analysis of FOXM1 co-expressed genes

To better understand the biological function of FOXM1, we obtained the correlation between each gene and FOXM1 using the LinkedOmics database and analyzed the enrichment of the top 100 genes. There were 8027 genes positively correlated with FOXM1, and 3610 genes negatively correlated with FXOM1 under FDR < 0.05 (Figure 3A). The heat map shows the top 50 positively (Figure 3B) and negatively (Figure 3C) associated genes with FOXM1, respectively. Kinesin family member 18B (KIF18B) expression was positively correlated with the expression of FOXM1, suggesting FOXM1 may have similar regulatory functions to KIF18B. Acylphosphatase 2 (ACYP2) had the highest negative correlation coefficient, probably because it plays opposite roles to FOXM1 in different functional pathways. We further performed the STRING database to study the protein-protein interaction (PPI) network of FOXM1 (Figure 3D). For the more biological function of FOXM1, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis was performed. The result indicated that those genes positively correlated with FOXM were positively associated with the cell cycle and cell division (Figure 3E). In contrast, genes negatively associated with FOXM1 in HCC samples were more related to various metabolic pathways (Figure 3F).




Figure 3 | Co-expression network analysis and enrichment analysis of FOXM1 in LIHC. (A) Volcano map of correlative genes of FOXM1. (B) Heat map of Top50 positive co-expression genes with FOXM1. (C) Heat map of top50 negative co-expression genes with FOXM1. (D) PPI network analysis of FOXM1. Gene ontology and KEGG analysis for genes belonging to the co-expression with strongest positive (E) and negative correlation (F) with FOXM1.






3.3 Gene set enrichment analysis of FOXM1

To further characterize the potential function of FOXM1, GSEA was performed. We separated the LIHC cohort samples into a high-expressed group and a low-expressed group according to the expression level of FOXM1 to identify the gene sets associated with FOXM1. The GSEA results showed that cell cycle checkpoints (FDR = 0.016), regulation of TP53 activity (FDR = 0.016), and immunoregulatory interactions between a lymphoid and a non-lymphoid cell (FDR = 0.016) were upregulated in FOXM1 high-expression cluster. On the contrary, the low-expressed FOXM1 group was enriched for genes implicated in DNA methylation (FDR = 0.031), glycolysis (FDR = 0.049), and ketone body metabolism (FDR = 0.019) (Figure 4). Sustaining proliferative signaling, deregulating cellular metabolism, and avoiding immune destruction are the hallmarks of cancer (19). According to GSEA results, we further evaluated the association of FOXM1 in immune infiltration and glycolysis and KBM.




Figure 4 | Co-expression network analysis and enrichment analysis of FOXM1 in LIHC. (A) Cell cycle checkpoints. (B) Regulation of TP53 activity. (C) Immunoregulatory interactions between a lymphoid and a non-lymphoid cell. (D) DNA methylation. (E) Glycolysis. (F) Ketone body metabolism.






3.4 Correlations of FOXM1 expression with immune infiltration

Based on the scRNA-seq TISCH database, we obtained five independent HCC datasets for single-cell analysis to explore the correlation between immune cell distribution and FOXM1 expression levels at the single-cell level (Figure 5A). In the LIHC_GSE98638 dataset, higher levels of FOXM1 expression were found in proliferating T cells (T prolif) (Figures 5A, B). The distribution and expression of FOXM1 in different immune cells were obtained from the clustered plots of scRNA-seq (Figure 5C). Those results indicated that FOXM1 expression levels were significantly correlated with immune cell types and their proportions in HCC.




Figure 5 | The scRNA-seq analysis of the expression of FOXM1 in different immune cells of HCC. (A) Heatmap of the correlation of FOXM1 with immune cell infiltration levels in the independent scRNA-seq database. (B) Violin plot of FOXM1 and immune cell infiltration. (C) Single-cell atlas of all cells in GSE98638 dataset and the expression and distribution of FOXM1.






3.5 Identification of key immune cells associated with FOXM1

Immune infiltration profoundly affects tumor progression, and the composition of tumor-infiltrating immune cells has been identified as a critical factor influencing tumor therapy success (20). The CIBERSORT deconvolution algorithm obtains the percentage of infiltration of 22 immune cells in each HCC sample. Grouping comparison of FOXM1 expression showed that there were seven different types of infiltrating immune cells, namely B cells memory (p < 0.01), T cell CD4 memory activated (p < 0.01), Tfh cells (p < 0.01), T cell regulation (Tregs) (p < 0.05), monocytes (p < 0.001), macrophage M0 (p < 0.001), and neutrophils (p<0.05) (Figure 6A). The following study performed LASSO, RF, and SVM-RFE analysis on 22 immune cell infiltration. The penalty parameter was tuned by 10-fold cross-validation in LASSO logistic regression, which selected eight immune cells as the feature (Figures 6B, C). The RF diagnosis model was developed with ntree = 500 and mtry = 6 and obtained 19 key immune cells (Figure 6D). Besides, the SVM-RFE algorithm was applied to identify the best feature of the immune cell combination (Figure 6E). Overall, marker genes acquired based on the above three algorithms were intersected to obtain seven key immune cells (B cells memory, T cells CD4 memory resting, T cells CD4 memory activated, Tfh cells, monocytes, macrophages M0, and dendritic cells resting) were selected for subsequent analysis (Figure 6F). The correlation analysis showed FOXM1 expression is negatively correlated with T cells CD4 memory resting (Cor = -0.05), monocytes (Cor = -0.16), and significantly positively correlated with B cells memory (Cor = 0.14), T cells CD4 memory activated (Cor = 0.13), Tfh cells (Cor = 0.18), macrophages M0 (Cor = 0.20), and dendritic cells resting (Cor = 0.18) (Figure 6G).




Figure 6 | Identification of the key infiltrated immune cells by machine learning. (A) Differences in immune infiltration between FOXM1 high and low expression groups. (B) Penalty plot of 22 immune cells in the LASSO model, error bars represent standard error. (C) Distribution of LASSO coefficients for 22 immune cells. (D) The error variation of the RF algorithm, red and green represent the error rate of high and low FOXM1 expression groups, and black represents the overflow error rate. (E) Identification of 22 immune cells through the SVM-RFE algorithm. (F) 7 immune cell types were identified by LASSO and RF algorithms. (G) Correlation graph between the infiltration level of 7 immune cells and the expression level of the FOXM1 gene. (*p < 0.05, **p < 0.01, ***p < 0.001, ns not significant).






3.6 The clinical manifestations of key immune cells

We further included seven immune characteristics in the multivariate Cox regression. The results showed that T cells CD4 memory resting and Tfh cells were the key immune landscapes associated with FOXM1 (Figure 7A). We then performed the time ROC analysis to clarify the specificity and sensitivity of the key immune cells. The areas under the curve (AUCs) of 1, 3, and 5-year OS were 0.645, 667, and 0.589, indicating that the prediction model was credible (Figure 7B). We further investigated the prognostic ability of immune cells associated with FOXM1. We performed Kaplan-Meier analysis on FOXM1 associated immune cells and found that the low infiltration of Tfh cells was significantly associated with the poor prognosis of HCC patients (Figure 7C). Tfh cell infiltration in the high-expression group was considerably higher than in the FOXM1 low-expression group (Figure 7D). Furthermore, the Tfh cells infiltration significantly correlates with the FOXM1 expression (Figure 7E). Taken together, the abnormal infiltration of Tfh cells associated with FOXM1 is a critical factor in predicting the prognosis of HCC patients.




Figure 7 | Validation and survival analysis of the key infiltrated immune cells. (A) Multivariate Cox Forest plots related to the prognosis of 7 key immune cells. (B) The AUC values of the time ROC curves. (C) The Kaplan-Meier curve of Tfh cells infiltration level and overall survival. (D) The violin plot of Tfh cells infiltration in FOXM1 high and low expression groups. (E) The scatter plot of the correlation between the infiltration level of Tfh cells and the FOXM1 expression. (*p < 0.05, ****p < 0.0001).






3.7 Correlations of FOXM1 expression with m6a-related genes

Modifying m6a is a reversible chemical modification on mRNA, which regulates gene expression, controls many cellular and biological processes, and is implicated in human carcinogenesis (21). We first analyzed the TCGA LIHC cohort and GSE62232 data sets to evaluate the correlations between the expression of FOXM1 and m6a-related genes in LIHC (Figure 8A). The result shows that FOXM1 expression was significantly positively correlated with most m6a-related genes, including HNRNPA2B1, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, METTL3, RBM15B, WTAP, YTHDF1 and YTHDF3 (p < 0.001). To determine whether m6a modifications differ from changes in FOXM1 expression, we assessed the relationships between the FOXM1 high and low groups. The result showed that compared with the low expression group, all the m6a-related genes’ expression increased in the high expression group except ZC3H13 (Figure 8B). By differential analysis, we obtained the m6a-related genes IGF2BP1, IGF2BP2, and IGF2BP3 that are upregulated in HCC (Figure 8C). After that, among the identified DEGs above, three genes were positively correlated with FOXM1, shared by the TCGA and GEO datasets (Figure 8D). To corroborate the function of FOXM1 in regulating m6a, the following CHIP-seq analysis was performed in Huh-7. In the analysis of overlapping m6a-related genes, we found that FOXM1 was enriched in the promoter region of IGF2BP1, IGF2BP3, and IGF2BP3 genes (Figure 8E). Based on the motif sequence of FOXM1 (Figure 8F) predicted by the FootprintDB database (22) (https://footprintdb.eead.csic.es/index.php), five FOXM1 binding sites (BS1, - 1752 to - 1758; BS2, - 879 to -885; BS3, - 737 to – 743; BS4, -277 to - 283 and BS5, - 13 to - 19) were analyzed to exist in the IGF2BP3 promoter (Figure 8G). Besides, there was a high correlation between FOXM1 and IGF2BP1, IGF2BP3, and IGF2BP3 (Figure 8H). Kaplan-Meier survival curve demonstrates the prognostic value of IGF2BP3 (Figure 8I). These results laterally reflect the biological activity of FOXM1 in regulating the transcriptional level of m6a-related genes.




Figure 8 | FOXM1 is highly correlated with m6a-related genes and has the ability to potentially transcribe IGF2BP1, IGF2BP2 and IGF2BP3. (A) Heat map of the correlation between FOXM1 and m6a-related genes expression. (B) Differences in m6a-related gene between FOXM1 high and low expression groups. (C) Volcano plots of mRNA that were differentially expressed between HCC and normal tissues. (D)Venn diagram of m6A-related genes positively associated with FOXM1 and DEGs in HCC. (E) Genome browser screenshots of the FOXM1 binding sites. The test group has two replicates, and the peaks shown are statistically significant. (F) Map of FOXM1 binding site sequence. (G) Schematic illustration of the potential FOXM1 binding sites (BS) in the IGF2BP3 promoter. (H) The scatter plot shows the correlation between the overlapping genes and FOXM1. (I) Kaplan-Meier overall survival curves of IGF2BP3. (*p < 0.05, **p < 0.01, ***p < 0.001).






3.8 Correlations of FOXM1 expression with glycolytic/KBM-related genes

Based on pathway enrichment analysis, FOXM1 is involved in a range of metabolic pathways in LIHC. The current study analyzed the correlation of glycolytic and ketone body metabolism (KBM) related genes with FOXM1 expression. Glycolysis and ketone bodies metabolic related genes were manually retrieved from the Molecular Signatures Database v 7.1 (MSigDB) (23). By analyzing the TCGA LIHC cohort and GSE62232 data sets, the correlations between the expression of FOXM1 and glycolytic-related genes were significantly positively correlated, including ALDOA, ENO1, HK2, PGAM1, PKM, TPI1, and as for KBM-related genes (Figure 9A). The KBM related genes was ACAT1, ACSS3, BDH1, BDH2, HMGCL, HMGCLL1, HMGCS2 significant negative correlated with FOXM1 (Figure 9A). Moreover, we further analyzed the differential expression of glycolytic/KBM-related genes between the high and low expression of FOXM1 (Figure 9B). The result showed that compared with the low expression group, the expression of glycolysis-related genes, including ALDOA, ENO1, ENO2, HK2, PFKP, PGAM1, PGAM2, PGK1, PKM, TPI1, and KBM-related genes were increased in the high-expression group. In contrast, there was a decrease in the high-expression group of KBM related genes, including ACAT1 ACSS3 BDH1 HMGCL, HMGCLL1, and HMGCS2. Volcano plots revealed that glycolytic-related genes were upregulated, and more KBM-related genes were downregulated in HCC (Figure 9C). We next matched the DEGs to the positive correlation genes in the correlation result of Figure 9A. In summary, seven genes were overlapping (Figure 9D). Subsequent CHIP-seq analysis revealed significant peaks of FOXM1 in the HK2, and PKM gene promoter regions, suggesting that FOXM1 is involved in the transcription of these genes in Huh-7 cells (Figure 9E). Moreover, the motifs of three FOXM1 binding sites were detected in the promoters of HK2 and PKM genes, respectively (Figure 9F). The scatter plot shows the correlation between glycolytic/KBM-related genes (Figure 9G). Together with Kaplan-Meier curve analysis, HK2 and PKM were significantly relevant with poor prognosis of HCC (Figure 9H). These 21 genes were involved in transforming this substance on the metabolic pathways, among which HK2 and PKM participated in the reaction process of glucose to Glucose-6-phosphate (G-6-P) and phosphoenolpyruvate (PEP) to pyruvate as metabolic enzymes, respectively (Figure 9I).




Figure 9 | FOXM1 is highly correlated with glycolysis/KBM-related genes and has the ability to potentially transcribe HK2 and PKM. (A) Heat map of the correlation between FOXM1 and glycolysis/KBM-related gene expression. (B) Differences in glycolysis/KBM-related genes between FOXM1 high and low expression groups. (C) Volcano plots of mRNA that were differentially expressed between HCC and normal tissues. (D)Venn diagram of glycolysis/KBM-related genes positively associated with FOXM1 and DEGs in HCC. (E) Genome browser screenshots of the FOXM1 binding sites. The test group has two replicates, and the peaks shown are statistically significant. (F) Schematic model illustrating the glycolysis and KBM pathway. (G) The scatter plot shows the correlation between the overlapping genes and FOXM1. (H) Kaplan-Meier overall survival curves of HK2 and PKM. (I) Diagram showing the position of the recognized promoter sites in FOXM1. The selected signature genes are marked in the pathway, with glycolytic enzymes in brown, ketone bodies metabolic genes in blue, and the FOXM1-bindin genes highlighted in red. (*p < 0.05, **p < 0.01, ***p < 0.001).






3.9 Construction of FOXM1-related ceRNA network

The hypothesis of ceRNA that is involved in tumorigenesis has been validated by various experiments (24). In this study, we carried out an analysis of the FOXM1-related ceRNA network in LIHC. Based on the multiMIR R package, 65 experimentally validated miRNA interacting with FOXM1 had been retrieved. Since miRNA expression and ceRNA (mRNA, lncRNA, etc.) expression take on a negative trend according to the ceRNA hypothesis, there were 5 targeting miRNA that had been screened in the matched miRNA (Figure 10A). The significantly expressed miRNA had been identified through the transcript-level differential analysis expression profiles of the selected miRNA integrated from the TCGA project in paracancerous and hepatic tumor tissue (Figure 10B). Kaplan-Meier analysis revealed that only hsa-miR-125b-5p low-expressed played a significant role in LIHC patients’ poor prognosis (Figure 10C). Further, the lncRNA interaction with miRNA was predicted, and the Venn diagram demonstrates the interacting lncRNA by retrieving the differentially expressed miRNA from the ENCORI and miRNet database (Figure 10D). Followed difference analysis of the lncRNA that significantly negatively correlated with miRNA in the database intersection was also done (Figure 10E). We consistently utilized Kaplan-Meier analysis on the screened lncRNA in the ceRNA network, finding that CYTOR, DANCR, and MIR4435-2HG were related to prognosis (Figure 10F). Besides, the subcellular localization of ceRNA components can be a possible influential factor in ceRNA activity and contributes to human diseases, including cancer (24). Since the ceRNA network mainly exists in the cytoplasm, we further analyzed the lncRNA cellular distribution by performing the lncLocator platform (Figure 10G). Predicting that MIR4435-2HG and DANCR were mainly distributed in the cytoplasm, but CYTOR was located primarily on cytosol. These data indicated that the FOXM1-related lncRNA-miRNA-mRNA triple regulatory networks constructed from the RNAs, which MIR4435-2HG and DANCR act as ceRNAs to improve the expression of FOXM1 through sponging hsa-miR-125b-5p (Figure 10H).




Figure 10 | Construction of ceRNA network of FOXM1 in LIHC. (A) Venn diagram of miRNA interacting with FOXM1. (B) Differential expression of interacted miRNA in TCGA LIHC cohort. (C) Kaplan-Meier curve of hsa-miR-125b-5p. (D) Venn diagram of lncRNA interacting with hsa-miR-125b-5p. (E) Differential expression of interacted lncRNA in TCGA LIHC cohort. (F) Kaplan-Meier curve of CYTOR, DANCR, MIR4435-2HG. (G) The subcellular localization of screened miRNA and lncRNA. (H) Sankey diagram of the ceRNA (mRNA-miRNA-lncRNA) network.







4 Discussion

The FOX gene family is an evolutionarily conserved gene family that encodes approximately 50 transcription factors in the human genome (25). These critical transcription factors broadly regulate gene transcription and involve various biological processes (26). FOXM1 is the only member of the FOXM subfamily known for its functionality in promoting the G1-S and the G2-M cell cycle transition (27). It is mainly detected along with the growth of cells (5). Additionally, FOXM1 is crucial in tumor development and is associated with poor prognosis (28). Current studies have identified FOXM1 as a tumor-specific biomarker with powerful predictive prognostic capacity in HCC (29, 30). In this study, FOXM1 is highly expressed in HCC, related to advanced TNM staging and poor prognosis, consistent with the study (31). We analyzed the relationship between the FOXM1 expression and the prognosis, survival rate, tumor stage, and lymph node metastasis of HCC patients through TCGA data. HCC patients with high FOXM1 expression have a low survival rate significantly related to lymph node metastases and HCC clinical stage.

FOXM1 was first identified as a protein that regulates cell cycle and proliferation (32). While with the developed understanding of cancer mechanisms, novel hallmarks have been further expanded (33). In the analysis of FOXM1 co-expression in RNA-seq data from HCC patients, KIF18B had a positive correlation with FOXM1. As reported, KIF18B is a molecular motor protein that destabilizes astral microtubules during mitosis (34), which promotes tumor development in various cancers and is associated with poor prognosis (35). Moreover, KIF18B and FOXM1 similarly mediate DNA double-strand break repair (34) and participate in the cell cycle and DNA replication (36). KIF18B is also closely associated with infiltrating immune cells (37). These results imply that FOXM1 may have similar biological functions to KIF18B. Research reports ACYP2, which we found is negatively associated with FOXM1, whose polymorphisms are related to changes in plasma telomerase levels (21). The SNPs of ACYP2 can serve as risk and protective factors in HCC, respectively (38). However, the discussion on the relationship between the ACYP2 gene and cancer is still relatively scarce. In turn, enrichment analysis was performed of the gene set. The positively correlated group had several significantly enriched categories, including cell cycle and cell division. In contrast, the negatively correlated group enriched genes related to the catabolic process and metabolism. Besides, the GSEA of FOXM1 indicated that the pathways of cell cycle checkpoints, regulation of TP53 activity, immunoregulatory interactions between a lymphoid and a non-lymphoid cell, DNA methylation, glycolysis were up-regulated, and downregulation of ketone body metabolism. These results suggest that FOXM1 may exert metabolic and immune biological functions in the process of cancer. In this article, we focus on the relationship of FOXM1 in immune infiltration, m6a modification, and glycolysis/KBM, as previous studies have associated these pathways with HCC progression and metastasis.

The immune cells in the tumor microenvironment have a complex biological relationship with tumor cells and may lead to tumor development or suppression, resulting in differential immunotherapeutic responses (39). In scRNA-seq analysis, we evaluated the association between infiltrating immune cells and FOXM1 in HCC tissues and found that FOXM1 was mainly distributed in T prolif cells. The relationship between FOXM1 and the promotion of B cell proliferation (40) and induction of M2 macrophage polarization (41) in non-cancerous conditions has been reported. FOXM1 has also been found to recruit macrophage migration in FOXM1 in lung cancer (42). If only the biological functions of FOXM1 in the cell cycle and cell proliferation are considered, it is not surprising that FOXM1 is predominantly expressed in T-proliferating cells. However, FOXM1 does not solely promote immune cell infiltration in tumors; it also can suppress the maturation of BMDCs via direct activation of Wnt5a and weakened promotion of T-cell proliferation (43). Therefore, it still suggests the relevance of FOXM1 to immune infiltration and the bias of FOXM1 expression in different types of infiltrating immune cells. Besides, based on the CIBERSORT algorithm, FOXM1 expression was positively correlated with T cell CD4 memory activated, Tfh cells, and Tregs in T cell subsets infiltration. Given the complex relationships between immune cells in the tumor microenvironment, we predicted the immune cells with prognostic value. Further machine learning (LASSO, RF, and SVM-RFE algorithms) analysis found that seven immune infiltrating cells were significantly associated with patients with hepatocellular carcinoma in the FOXM1 expression subgroup. Cox regression and Kaplan-Meier analysis showed that high invasion of Tfh cells was associated with poor prognosis in HCC patients.

Tfh cells are a specific subpopulation of CD4+ T cells that help B lymphocytes produce an adequate antibody response to various pathogens (44). Nonetheless, Increasing evidence for the increase of Tfh cells was associated with poor prognosis (45, 46), and the rate of Tfh cell infiltration is higher in late-stage patients than in early-stage patients. Tfh cells also have known roles in the origin of T cell malignancies and assist malignant B cells (47). Besides, Tfh cells exacerbate immune-related adverse events, such as immune checkpoint blockade (ICB) and autoimmunity during cancer immunotherapy (48). Research on FOXM1 and immune regulation has been reported. FOXM1 selectively upregulates PD-L1 expression by directly binding to the PD-L1 promoter in the nucleus (49). High glucose microenvironment can activate CD27 transcription and expression in CD8+ T cells via the mTOR-FOXM1 pathway, thereby significantly enhancing the immunocidal effect of CD8+ T cells (50). This study also found a correlation between FOXM1 and immune cell infiltration. Moreover, the abnormal infiltration of the Tfh cells associated with FOXM1 may be a key predictor of HCC based on various machine-learning algorithms.

Regarding m6a modification, the most abundant mRNA modification plays different roles in various biological processes by affecting gene expression post-transcriptionally in eukaryotes (51). The m6a modification is a highly dynamic and reversible process involving enzymes responsible for the installation of modifications called “Writers,” the removal of methylation called “Erasers,” and the recognition of modifications called “Readers” (52). However, m6a is often dysregulated in various types of cancer, leading to tumorigenesis, progression, and metastasis (53). Therefore, understanding the correlation between m6a modification of FOXM1 is rewarding to understanding the regulation mechanism of FOXM1 in LIHC. This study found that most m6a-related genes were positively correlated with FOXM1 expression, and IGF2BP family proteins (IGF2BP1/2/3) were differentially upregulated in HCC. Considering the transcriptional function of FOXM1 as a transcription factor regulating gene transcription, we explored the interaction of FOXM1 with the DNA promoter regions of these three genes in CHIP-seq data of FOXM1 in the Huh-7 cell line. Kaplan-Meier curves identified IGF2BP3 as having a prognostic value in hepatocellular carcinoma. Further analysis revealed five potential FOXM1 binding sequences in its promoter region, which has not been reported.

IGF2BP family proteins are highly expressed during embryonic development and are essential in embryogenesis, while IGF2BP1 and IGF2BP3 are not expressed in normal adult tissues (54). However, in cancer tissues, IGF2BP1 and IGF2BP3 both tested positive. Compared with IGF2BP3, IGF2BP1 has a more complex role in cancer, possessing both pro- and anti-cancer effects, and therefore, IGF2BP3 correlates better with cancer progression (55)., suggesting the importance of further studies on FOXM1 regulation of IGF2BP3. IGF2BP3 can interact with mRNA (53), non-coding RNA (57), and protein (58), respectively. Current studies on FOXM1 and methylation revolve around FOXM1 being methylated, including ALKBH5 demethylation of FOXM1 nascent transcripts (59) and YTHDF1 recognition and binding to m6A-modified FOXM1 mRNA (60), but rarely research has been done on FOXM1 regulating m6a modification. Overall, we predict FOXM1 may affect the messaging of m6a modification by regulating IGF2BP3 transcription.

Metabolic reprogramming is a well-established hallmark of cancer (19). Numerous studies have shown that enhanced glycolysis predicts poor prognosis and promotes tumor progression, immune evasion, and drug resistance in different cancer types (61). The switch from oxidative phosphorylation (OXPHOS) to glycolysis, which is called the “Warburg effect,” is one of the phenomena of cancer (62). Nowadays, targeting the biochemical targets of glycolysis and their potent antagonists or inhibitors with promising anti-cancer effects has become potential therapeutic drug strategies (63). Ketone bodies function as an alternative energy source without glucose, in which fatty acids are mobilized and converted by the liver into ketone bodies to power the body (64). Considering the OXPHOS dysfunction in tumor cells, ketogenic diets (KD) target altered glucose metabolism in cancer cells, further disrupting energy metabolism and adversely affecting tumor cell proliferation (65). In this study, we evaluated the association of FOXM1 with genes related to glycolysis and KBM. FOXM1 expression was positively correlated with most glycolysis-related genes and conversely negatively correlated with KBM-relate genes. By correlation and differential expression analysis, we screened three glycolysis-related genes and five KBM-related genes, indicating that FOXM1 is associated with glycolysis and the KBM process. Among them, we newly analyzed three sequences predicted to bind to FOXM1 in the promoter regions of HK2 and PKM genes, implying that FOXM1 affects the glycolytic biological process in cells by regulating the transcription of HK2 and PKM.

Available studies have shown that there are three critical rate-limiting enzymes in the glycolytic process, namely hexokinase (HK), phosphofructokinase (PFK), and pyruvate kinase (PK), which are essential control nodes of the glycolytic process, and important targets for cancer therapy (66). HK is the first rate-limiting enzyme in glycolysis. The current study found that HK2 is highly expressed in tumors, and its expression level is closely related to the malignancy of the tumor (67). In addition to the glycolytic function of HK2, more and more novel non-classical effects are being discovered. Nuclear-localized HK2 regulates stem/progenitor cell function and differentiation independently of its kinase and metabolic functions (68). Besides, when glycolysis in cellular metabolism is exuberant, HK2 can phosphorylate IκBa in tumor cells, leading to IκBa degradation and NF-κB activation-dependent increase in PD-L1 expression to evade tumor immunity (69). PKM is another rate-limiting enzyme in glycolysis. In mammals, four tissue-specific pyruvate kinases exist, including PKL, PKR, PKM1, and PKM2 (70). The PKM gene forms PKM1 and PKM2 through variable splicing. Unlike constitutively active PKM1, PKM2 is activated only when cellular levels of the allosteric activator increase. Most cancer cells predominantly express PKM2 over PKM1, and PKM2 is mainly found in highly proliferative cells with high anabolic requirements, especially in tumors and embryonic tissues (71). Additionally, the increased expression of PKM2 in tumors was significantly correlated with the prognosis of tumors (72). The involvement of FOXM1 in the glycolytic process has been reported (73, 74). Still, it has not been shown that FOXM1 affects the glycolytic process at the transcriptional level by regulating the expression of HK2 and PKM. This study predicted that FOXM1 binds to the HK2 and PKM promoter regions, providing direction for subsequent studies.

The ceRNA network is a post-transcriptional regulation mediated by miRNA that links the functions of coding and noncoding RNAs. Through the competitive binding of lncRNA or circular RNA to miRNA, the ceRNA network regulates the mRNA expression, potentially affecting the biological process and causing various diseases (75). A previous study has found that FOXM1 plays a core gene in the ceRNA network of HCC (76). In this study, we first searched for miRNAs with experimentally demonstrated FOXM1 interactions and screened them for differential and survival analysis to obtain has-miR-125b-5p. lncRNAs with differential expression and significant prognostic correlation were predicted by pairing has-miR-125b-5p to obtain CYTOR, MIR4435-2HG, and DANCR. Finally, considering that the specific functions of lncRNAs are closely related to their intracellular location and that ceRNA acts mainly in the cytoplasm (17), identified MIR4435-2HG and DANCR as potential target lncRNAs by subcellular localization analysis in the ceRNA network. Has-miR-125b-5p is reported to be downregulated with poor prognosis in HCC patients, and overexpression of has-miR-125b-5p inhibited the proliferation, migration, and invasion of HCC by targeting TXNRD1 (77). MIR4435-2HG was upregulated in HCC, facilitating the progression of liver cancer (78) and promoting cancer cell proliferation (79). Furthermore, DANCR facilitated HCC cell progression by sponging miR-125b-5p through MAPK pathway activation (80). The above studies further suggested the verification of our analysis. In summary, the ceRNA network based on interactions between FOXM1 to hsa-miR-125b-5p to MIR4435-2HG/DANCR was constructed to reveal the gene interaction profile in LIHC.
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Background
Non-small cell lung cancer (NSCLC) is the leading cause of cancer-related morbidity and mortality worldwide. Immune checkpoint inhibitors (ICIs) including anti-PD-1 and anti-PD-L1 antibodies, have significantly changed the treatment outcomes with better overall survival, but only 15-40% of the patients respond to ICIs therapy. The search for predictive biomarkers of responses is warranted for better clinical outcomes. We aim here to identify pre-treatment soluble immune molecules as surrogate biomarkers for tissue PD-L1 (TPD-L1) status and as predictors of response to anti-PD-1/PD-L1 therapy in NSCLC patients. Sera from 31 metastatic NSCLC patients, eligible for anti-PD-1/PD-L1 or combined chemoimmunotherapy, were collected prior to treatment. Analysis of soluble biomarkers with TPD-L1 status showed significant up/down regulation of the immune inhibitory checkpoint markers (sSiglec7, sSiglec9, sULBP4 and sPD-L2) in patients with higher TPD-L1 (TPD-L1 >50%) expression. Moreover, correlation analysis showed significant positive linear correlation of soluble PD-L1 (sPD-L1) with higher TPD-L1 expression. Interestingly, only responders in the TPD-L1 >50% group showed significant down regulation of the immune inhibitory markers (sPD-L2, sTIMD4, sNectin2 and CEA). When responders vs. non-responders were compared, significant down regulation of other immune inhibitory biomarkers (sCD80, sTIMD4 and CEA) was recorded only in responding patients. In this, the optimal cut-off values of CD80 <91.7 pg/ml and CEA <1614 pg/ml were found to be significantly associated with better progression free survival (PFS). Indeed, multivariate analysis identified the cutoff-value of CEA <1614 pg/ml as an independent predictor of response in our patients. We identified here novel immune inhibitory/stimulatory soluble mediators as potential surrogate/predictive biomarkers for TPD-L1 status, treatment response and PFS in NSCLC patients treated with anti-PD-1/PD-L1 therapy.
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Introduction

Lung Cancer is the second most common cancer and a leading cause of cancer-related deaths (a total of 18% of cancer deaths) worldwide. In 2020, 2.2 million new cancer cases and 1.8 million deaths were reported for lung cancer. The 5-year survival rate is poor, ranging between 10-20% in developed countries (1).

Non-small cell lung cancer (NSCLC) is the most common cancer type, accounting for approximately 85% of lung cancer cases (2). Treatment management includes surgical removal, adjuvant chemotherapy, radiotherapy, and molecular-targeted therapies for patients with driver mutations (3). However, in a cohort of metastatic NSCLC patients with wild type epidermal growth factor receptor (EGFR), anaplastic lymphoma kinase (ALK) gene and tumor tissue expressing programmed death ligand-1(TPD-L1), treatment mainly comprises of FDA approved immune checkpoint inhibitors (ICIs), anti-programmed death protein 1/programmed death ligand 1 (PD-1/PD-L1) (4). ICIs are mainly monoclonal antibodies that target immune checkpoints, PD-1, and PD-L1 and block their pathways to help unleash a robust anti-tumor response [5]. Although ICIs have been shown to improve the overall survival in NSCLC patients, limited response rates, ranging between 15-40%, have been documented (5). Several intrinsic and extrinsic factors circulating within the host tumor microenvironment such as regulatory T cells (T regs), myeloid derived suppressor cells (MDSCs), M2 macrophages, immune checkpoints, cytokines and chemokines, have been associated with manipulation of immune response to facilitate tumor progression (6). On the other hand, it is postulated that soluble forms of immune checkpoint T and Natural killer (NK) cell receptors/ligands such as soluble programmed death protein 1 (sPD-1), soluble programmed death ligand 1 (sPD-L1), soluble programmed death ligand 2 (sPD-L2), soluble T cell immunoglobulin domain and mucin domain 3 (sTIM3), soluble UL16 binding protein 1/4 (sULBP-1/4), soluble Natural killer group 2D receptor and ligands sNKG2DL may affect treatment dynamics, either in an immune inhibitory or immune stimulatory manner (7–9). Some of the immune modulatory mechanisms associated with soluble forms include their binding to the treatment active site to hinder treatment efficacy, activation of immune suppressive molecules, inhibition of Interleukin-2 (IL-2) production/T cell activation, T cell apoptosis, upregulation of Tumor necrosis factor-α (TNF-α)/Interferon-gamma (IFN-γ) and early activation of CD8+ T cells leading either to tumor immune escape or control (10–13). In anti-PD-1/PD-L1 treated NSCLC patients, a limited number of studies have associated soluble immune checkpoint markers with prognosis, response to treatment, and overall survival (14–19). The results from these studies indicate a potential role of soluble immune checkpoint mediators as biomarkers for patient stratification (responding vs. non-responding patients) and treatment dynamics. However, most studies have focused mainly on sPD-1 and sPD-L1, indicating a lack of data on other soluble T and NK immune checkpoint markers and their role in prognosis or prediction of response.

In addition to soluble T and NK markers, several studies have also reported on the role of tumor secreted antigens, such as Carcinoembryonic Antigen (CEA), Cytokeratin Fragment 19 (CYFRA21-1), and Carbohydrate Antigen 125 (CA-125), as biomarkers in some tumor types (20–22). These soluble antigens are expressed in various cancers, and some of them are widely used for clinical assessment and treatment monitoring in chemotherapyIn ICI-treated patients, limited number of studies have documented the role of circulating tumor antigens as dynamic biomarkers (23–27). However, the utility of these biomarkers in assessing immunotherapy efficacy in NSCLC patients is still poorly explored, indicating a significant knowledge gap on their role as potential predictive/prognostic biomarkers.

In addition to soluble biomarkers, tissue markers have also been reported as predictors of response. To date, TPD-L1, measured by the immunohistochemistry (IHC) technique, is the only predictive marker approved by FDA as a companion diagnostic for anti-PD-1 antibody treatment in advanced NSCLC. To date, several randomized controlled trials have associated various TPD-L1 tumor proportional scores (TPS) such as ≥1%, ≥5%, ≥10%, and ≥50% with clinical efficacy endpoints such as overall survival (OS), progression-free survival (PFS) and objective response rate (ORR) (28, 29). However, conflicting data regarding the utility of TPD-L1 TPS has been reported, with some trials reporting it as a powerful predictive marker for OS while others indicate limited value of this marker (30–33). In lieu of this, limited studies have investigated the linear relationship of TPD-L1 expression with soluble biomarkers and clinical response in ICI-treated NSCLC patients to understand the role of soluble mediators as surrogate markers for TPD-L1 (34–36). This is an essential area of research since finding non-invasive surrogate markers for tissue can have various advantages, such as ease of sampling, longitudinal monitoring, and limited heterogeneity.

Pre-treatment assessment of dynamic biomarkers is an essential timeline as it helps understand the correlation of baseline biomarkers with disease/treatment dynamics (37, 38). It is well documented that early markers of response can serve as powerful tools for patient stratification and prediction of response (39–41). For ICI-treatment in NSCLC patients, the significance of pre-treatment biomarkers is of utmost importance as this cohort of patients has limited treatment options, and early response prediction can facilitate better patient management.

We aimed here to identify pre-treatment soluble immune checkpoint and circulating tumor antigens as surrogate/predictive markers in TPD-L1 expressing patients and to determine the role of soluble markers as predictors of response in anti-PD-1/PD-L1 treated NSCLC patients.





Methods




Study population and data collection

This prospective study was conducted at the National Center for Cancer Care and Research (NCCCR), Hamad Medical Corporation (HMC), Doha, Qatar, from September 2020 to July 2022. A total of 31 metastatic advanced-stage NSCLC patients eligible for treatment with anti-PD-1 (Nivolumab, Pembrolizumab), anti-PD-L1 (Durvalumab) monotherapy or combined chemoimmunotherapy (Carboplatin + Pemetrexed + Pembrolizumab) were enrolled in the study. Demographics and clinical characteristics of all patients, including age, gender, ethnicity, smoking history, histology, stage, differentiation status, Eastern Cooperative Oncology Group performance status (ECOG PS), genetic aberrations, Tissue PD-L1 expression, metastasis sites, previous lines of radiotherapy/chemotherapy, imaging and clinical response were extracted from electronic health record system of HMC (CERNER®).

Written informed consent was obtained from all eligible participants per Declaration of Helsinki and good clinical practice guidelines. The study was approved by the Institutional Review Board of HMC (MOPH-HMC-020).





Sample collection

Blood sample (10 ml) was collected from eligible patients before anti-PD-1/anti-PD-L1 monotherapy or combined chemoimmunotherapy treatment in BD Vacutainer SST II Advance Serum tubes (Becton Dickenson, USA). The tubes were centrifuged at 1300 g for 10 minutes and the extracted serum was cryopreserved at -80°C until further analysis.





Measurement of soluble immune checkpoint mediators and circulating tumor biomarkers

According to manufacturers’ instruction, the level of soluble immune checkpoint T and NK cell mediators was detected using the Immuno-Oncology Checkpoint 14-Plex Human ProcartaPlex Panel 1, Panel 2, and Immuno-Oncology Checkpoint 9-Plex Human ProcartaPlex Panel 3 (ThermoFisher Scientific, USA). The 37 analytes tested included CD27, CD28, 4-1BB, GITR, HVEM, BTLA, CD80, CTLA-4, IDO, LAG-3, PD-1, PD-L1, PD-L2, TIM-3, MICA, MICB, Perforin, ULBP-1, ULBP-3, ULBP-4, Arginase, NT5E, Tactile, ECadherin, Nectin-2, PVR, Siglec-7, Siglec-9, B7-H6, B7-H3, IAP, BLAST-1,OX40, ICOS Ligand, TIMD-4, S100A8/A9, and VISTA.

The level of the circulating tumor biomarkers, CA-125, CA-15-3, CA-19-9, CEA, and CYFRA-21, was detected according to manufacturers’ instruction, using the customized MILLIPLEX Human Circulating Cancer Biomarker Panel 1 kit (Merck KGaA, Germany).

The concentration of serum immune checkpoint mediators and circulating tumor biomarkers was measured by Luminex Bio-Plex 200 system (BIO-RAD). Acquisition and data analysis were performed by Bio-plex Manager TM version 6.2 software. Analyte concentrations in patients were calculated against a seven-point standard curve using a five-parametric fit algorithm in xPONENT v4.0.3.





Measurement of PD-L1 expression in tumor tissue

TPD-L1 expression was performed in the CAP-accredited Department of Laboratory Medicine and Pathology (DLMP), HMC, Qatar, as part of routine diagnostic testing. TPD-L1 expression was assessed, as per manufacturers’ instructions, on formalin-fixed, paraffin-embedded (FFPE) tissue, by a qualitative immunohistochemical assay (DAKO PD-L1 IHC 22C3 pharmDx) using monoclonal mouse Anti-PD-L1, Clone 22C3 on Automated Autostainer Link 48 (Dako, USA). Briefly, following incubation with the primary monoclonal antibody to TPD-L1 or the Negative Control Reagent (NCR), specimens were incubated with a Linker antibody specific to the host species of the primary antibody, and then incubated with a ready-to-use visualization reagent, consisting of secondary antibody molecules and horseradish peroxidase molecules coupled to a dextran polymer backbone. The enzymatic conversion of the subsequently added chromogen resulted in the precipitation of a visible reaction product at the site of the antigen. The entire slide was evaluated by an independent pathologist using a light microscope objective of 10-40X. To ensure run quality control, the slides were examined in the order of hematoxylin and eosin (H&E), control cell line slide, positive control tissue slides, negative control tissue, patient tissue slide stained using the NCR, and patient tissue slide stained using the PD-L1 primary antibody slides. For TPD-L1 scoring, a minimum of 100 viable tumor cells, negative and positive controls, were tested for quality control and test validity. TPD-L1 protein expression was determined by using Tumor Proportion Score (TPS), which is the percentage of viable tumor cells showing partial or complete membrane staining. The specimen was considered PD-L1 weak positive if membrane staining of TPS≥ 1% but < 50% of the viable tumor cells was observed, high PD-L1 (strongly positive) if TPS≥ 50% of the viable tumor cells exhibited membrane staining at any intensity. The intensity was evaluated as follows: No staining scored as “0”, Weak staining as “1+”, Moderate staining as “2+”, Strong staining as “3+”. The specimen was considered PD-L1 positive if ≥1% of the viable tumor cells exhibited membrane staining at any intensity (regardless of degree intensity, 1+, 2+, 3+). Representative TPD-L1 negative, TPD-L1<50% and TPD-L1>50% IHC images (400 x magnifications) are shown in Figure 1A.




Figure 1 | (A) Representative images of PD-L1 expression on tumor tissue: Tissue PD-L1 negative, tissue PD-L1<50% and tissue PD-L1>50% was observed by immunohistochemistry using DAKO PD-L1 IHC 22C3 pharmDx assay (B) Comparison of soluble immune biomarker expression between TPD-L1 low (<50%) and TPD-L1 high (>50%) groups: Significant down regulation of immune inhibitory checkpoint markers, sSiglec7 (p=0.011*), sSiglec9 (p=0.003**), sULBP4 (p=0.008**) and significant up regulation of sPD-L2 (p=0.015*) was observed in high TPD-L1 (>50%) expressing group (C) Pearson correlation showed significant moderate positive linear correlation (r =0.4857, p=0.048*) between the immune inhibitory marker, soluble PD-L1 and high TPD-L1(>50%) expressing group.







Next generation sequencing for determination of genetic aberrations

Next Generation Sequencing to detect genetic aberrations was performed in the CAP-accredited Department of Laboratory Medicine and Pathology (DLMP), HMC, Qatar, as part of routine diagnostic testing. The NGS Oncomine Focus Assay was performed for the samples. A total of 52 genes were tested to cover hotspots and copy number variations (CNVs) by DNA sequencing and most targeted gene fusions by RNA sequencing in a single workflow within the same NGS panel. The tumor area was collected from slides of a formalin-fixed paraffin-embedded (FFPE) specimen; this area was identified by the consultant pathologist from which genomic DNA/RNA was extracted and analyzed by using Next Generation Sequencing NGS – Ion S5 (Oncomine Focus Assay). The data generated were analyzed for alterations in the Hotspot genes and fusion drivers.





Clinical assessment of response

Response to treatment was assessed via PET-CT imaging data and clinical assessment per RECIST criteria. Progression-free survival (PFS) was defined as the period from blood sample collection (before the first dose of anti-PD-1/PD-L1/Combined chemoimmunotherapy) to the date of clinical and radiological disease progression or death by any cause observed within 6-8 months from the start of the treatment.





Statistical analysis

Statistical analysis was performed using GraphPad Prism version 9.3.2 (GraphPad Software, Inc., USA). Descriptive statistics including median (IQR), 95% CI and frequencies (%) were used for analysis of demographics and soluble biomarker concentrations. Mann-Whitney U test was used for analyzing differences in biomarkers expression levels in TPD-L1 groups, treatment response, and response in different treatment types. The correlation between TPD-L1 and soluble biomarkers was determined by Pearson correlation. Cut-off values of soluble biomarkers were estimated by receiver operating characteristic (ROC) curve. Association of cut-off values with demographic/clinical characteristics was performed by Fisher exact test. Survival curves were plotted using the Kaplan-Meier method and compared using the log-rank test. Univariate and multivariate analyses of Progression-free survival (PFS) were performed using the Cox Proportional Hazard regression model with hazards ratio (HR) and 95%CI. The results were considered statistically significant if p<0.05 was observed.






Results




Demographic and clinical characteristics

A total of 31 advanced-stage, metastatic NSCLC patients were enrolled in the study. The demographic and clinical characteristics of patients are shown in Table 1. Anti-PD-1 treatment was administered to 48% of the patients (Pembrolizumab 35%, Nivolumab 13%), while 10% of the patients were treated with anti-PD-L1 (Durvalumab). The remaining 42% of the patients were treated with combined chemoimmunotherapy (Pembrolizumab+Carboplatin+Pemetrexed). Response to treatment was observed in 48% (n=15) of the patients, while 52% of the patients (n=16) were categorized as non-responders (Table 1).


Table 1 | Patient characteristics (all, responders and non-responders) and their association with treatment response.







Expression of soluble immune checkpoints/circulating tumor antigens and patients’ characteristics

The concentration of soluble immune checkpoints/circulating tumor antigens was successfully detected, and median + Interquartile (IQR) values of tested biomarkers are shown in Supplementary table 1.





Expression of TPD-L1 in enrolled patients

TPD-L1 expression was observed in 74% (n=23), while 26% (n=8) of the patients were found to be negative. For further analysis, TPD-L1 positive patients were stratified into two groups: TPD-L1<50% (n=6) and TPD-L1>50% (n=17). Representative images for TPD-L1 negative, TPD-L1<50% and TPD-L1>50% are shown in Figure 1A.





Soluble biomarkers and TPD-L1

Comparison of the expression level of soluble biomarkers between TPD-L1 negative vs. positive groups showed no significant change. However, comparison of TPD-L1<50% and >50% groups showed significant changes in various soluble markers. In the TPD-L1>50% group, significant downregulation of the immune inhibitory checkpoint markers, sSiglec7 (p=0.011*), sSiglec9 (p=0.003**), sULBP4 (p=0.008**) and significant up-regulation of sPD-L2 (p=0.015*) was observed (Figure 1B). The result indicates that high TPD-L1 expression could induce secretion of the soluble Natural Killer (NK) and T cell immune inhibitory checkpoint markers for immune regulation of anti-tumor response. The median (IQR) values of soluble biomarkers in TPDL-1<50% and TPD-L1>50% groups are given in supplementary Table 2.





Correlation between soluble immune checkpoint biomarkers and TPD-L1 >50% group

Pearson correlation analysis was performed to understand the linear relationship of TPD-L1 expression with up/down regulated soluble markers sSiglec7, sSiglec9, sULBP4, and sPD-L2. In addition to these markers, correlation analysis between TPD-L1 and sPD-L1 was also performed to determine if there is an existing relationship between the tissue and the secreted form of PD L1. No significant correlation between TPD-L1 >50% group and sSiglec7, sSiglec9, sULBP4, sPDL2 was noted. However, a moderate positive linear correlation (r =0.4857) was observed between the immune inhibitory marker, sPD-L1, and TPD-L1 >50%, with a significance value of p=0.048* (Figure 1C). This indicates that TPD-L1 expression levels are directly proportional to the concentration of sPD-L1 i.e., as TPD-L1 expression increases above 50%, the concentration of sPD-L1 also increases, making sPD-L1 a potential surrogate marker for longitudinal monitoring of TPD-L1.





Expression of soluble biomarkers in TPD-L1 >50% group and their role in treatment response

A comparison of the expression of soluble biomarkers with treatment response was performed in TPD-L1 groups. In TPD-L1 >50% group, comparison between responders (n=6) and non-responders (n=11) showed significant down regulation of immune inhibitory markers sPD-L2 (p=0.008**), sTIMD4 (p=0.040*), sNectin2 (p=0.012*) and CEA (p=0.024*) in responding patients (Figure 2). Our study results imply that in patients expressing TPD-L1 >50%, T cell immune checkpoint and circulating tumor antigens may play a role in immune modulation and tumor response. As such, these biomarkers may have utility as predictive biomarkers of response in this cohort. No significant expression of soluble biomarkers with treatment response was observed in TPD-L1 positive/negative groups and TPD-L1 <50% group (data not shown). The median (IQR) values of soluble biomarkers in responders vs. non-responders in the TPD-L1>50% group is given in Supplementary Table 2.




Figure 2 | Comparison of soluble biomarker expression between responders (n=6) and non-responders (n=11) in high TPD-L1(>50%) group showed significant down regulation of immune inhibitory markers sPD-L2 (p=0.008**), sTIMD4 (p=0.040*), sNectin2 (p=0.012*) and CEA (p=0.024*) in responding patients.







Association of patient characteristics with treatment response

Based on imaging and clinical status as per RECIST criteria, the enrolled participants were stratified as responders (n=15) and non-responders (n=16). Association of treatment response with demographic/clinical characteristics showed significant association of disease stage 4 (p=0.037*) with non-responders. No other demographics/clinical characteristics were associated with treatment response (Table 1).





Soluble biomarkers and their association with treatment response in anti-PD-1/PD-L1 monotherapy and chemo-immunotherapy group

Treatment types utilized for patients included monotherapy with anti-PD1 (Nivolumab, Pembrolizumab), anti-PD-L1 (Durvalumab) and combination chemoimmunotherapy (Carboplatin +Pemetrexed+ Pembrolizumab). Due to the different treatment types, we stratified the patients into two groups. Group 1 comprised all patients who received anti-PD-1 and anti-PD-L1 monotherapy (anti-PD-1/PD-L1 monotherapy group: Nivolumab+Pembrolizumab+Durvalumab: n=18), whereas Group 2 included all patients who received combination chemoimmunotherapy (n=13).

The expression of soluble biomarkers was analyzed as follows a) responding patients in Group 1 (n=9) vs. Group 2 (n=6) and b) non-responding patients in Group 1 (n=9) vs. Group 2 (n=7). Interesting results were observed with both groups’ significant up/down-regulation of soluble biomarkers. In “responding” patients, the immune inhibitory checkpoint marker sPD-1, was significantly downregulated (p=0.012*) in Group 1 compared to Group 2. On the other hand, in “non-responding” patients, the immune suppressive biomarker S100A8/A9 (p=0.0084**) was significantly upregulated in Group 1 compared to Group 2. Our results clearly identify soluble biomarkers that can discriminate treatment response in different treatment groups and thus serve as predictive biomarkers (Figure 3A). Median (IQR) values of soluble biomarkers in responding and non-responding patients in Group 1 and Group 2 is given in Supplementary Table 3.




Figure 3 | (A) Comparison of soluble biomarker expression between responders and non-responders in two treatment groups-Group 1 (anti-PD-1/PD-L1 monotherapy group), Group 2 (combination chemoimmunotherapy group). In “responding” patients, the immune inhibitory checkpoint marker sPD-1, was significantly down regulated (p=0.012*) in Group 1 as compared to Group 2. In “non-responding” patients, the immune suppressive biomarker S100A8/A9 (p=0.0084**) was significantly up regulated in Group 1 as compared to Group 2 (B) Comparison of soluble biomarker expression between all responders vs. all non-responders irrespective of treatment type. Significant down regulation of the immune inhibitory biomarkers sCD80 (p=0.023*), sTIMD4 (p=0.033*) and CEA (p=0.008**) in “responding” patients was observed.







Comparison of soluble biomarkers in responders and non-responders irrespective of treatment types

To identify generalized biomarkers of response in NSCLC patients treated with ICI, we compared the expression of soluble biomarkers in responders (n=15) vs. non-responders (n=16), irrespective of treatment groups. The results showed significant downregulation of the immune inhibitory biomarkers sCD80 (p=0.023*), sTIMD4 (p=0.033*), and CEA (p=0.008**) in “responding” patients indicating that these biomarkers may be playing a rather generalized but extensive role in immune modulation and treatment response to ICI therapy (Figure 3B). The median (IQR) values of soluble biomarkers between responders and non-responders, irrespective of treatment types, is given in supplementary Table 4.





Determination of optimal cut-off values of soluble biomarkers to discriminate responders from non-responders

The generalized soluble biomarkers that showed significant association with treatment response (irrespective of treatment types), including CD80, TIMD4, and CEA, were further analyzed by Receiver Operator Characteristic Curve (ROC) to determine their optimal cut-offs. It was found that the optimal cut-off value for soluble biomarkers to discriminate responders from non-responders were as follows: CD80 <91.7pg/ml (AUC: 0.7262, 95% CI: 0.535-0.917, sensitivity: 73%, specificity: 71%); TIMD4 <600pg/ml (AUC: 0.7250, 95% CI: 0.543 to 0.907, sensitivity: 75%, specificity: 66%); CEA <1614pg/ml (AUC: 0.778, 95% CI: 0.586-0.969, sensitivity: 67%, specificity: 83%) (Figure 4A). The cut-off values were further analyzed for their association with PFS in patients.




Figure 4 | (A) ROC curves to discriminate responders from non-responders identified optimal cut-off values of soluble biomarkers: CD80 <91.7pg/ml, AUC: 0.7262, sensitivity: 73%, specificity: 71%; TIMD4 <600pg/ml, AUC: 0.7250, sensitivity: 75%, specificity: 66%; CEA <1614pg/ml AUC: 0.778, sensitivity: 67%, specificity: 83% (B) Kaplan Meier (log rank) analysis for association of cut-off values with progression free survival showed that patients having CD80 cut-off value of lower than 91.7 pg/ml (HR: 2.873, 95% CI: 1.078-7.658, p=0.042*) and CEA cut-off value of lower than 1614 pg/ml (HR: 2.566, 95% CI: 0.131-1.160, p=0.037*) were significantly associated with better progression free survival. No significant association of TIMD4 cut-off value with PFS was observed (HR: 2.699, 95% CI: 1.012-7.202, p=0.05).







Association of soluble immune checkpoint/circulating tumor antigens with progression free survival

The association of higher than cut-off and lower than cut-off values of the soluble biomarkers CD80, TIMD4, and CEA with PFS was determined using Kaplan Meier (log-rank) test. It was observed that patients having higher than cut-off values of CD80 and CEA had poor PFS (median survival of 4 months and 3.5 months, respectively). On the other hand, patients having CD80 cut-off value of lower than 91.7 pg/ml (HR: 2.873, 95% CI: 1.078-7.658, p=0.042*) and CEA cut-off value of lower than 1614 pg/ml (HR: 2.566, 95% CI: 0.131-1.160, p=0.037*) were significantly associated with better progression-free survival (Figure 4B). No significant association of TIMD4 cut-off value with PFS was observed (HR: 2.699, 95% CI: 1.012-7.202, p=0.05) (Figure 4B).





Cox proportional hazard regression analysis

To assess the impact of patient characteristics and soluble biomarkers as independent predictive factors of PFS, univariate and multivariate analysis by Cox Proportional Hazard Regression was performed. Multivariate analysis showed that age <60 years (HR 4.856 [95% CI: 1.244-23.10]; p=0.031) and CEA lower than the cut-off value of 1614 pg/ml (HR 0.1834 [95% CI: 0.04-0.65]; p=0.012) are independent predictors of better progression-free survival in patients (Table 2).


Table 2 | Uni- and multivariate analysis of Progression free survival by Cox proportional Hazards model.








Discussion

We have identified in this study immune inhibitory/stimulatory soluble mediators as a potential surrogate/predictive biomarker for TPD-L1 status, treatment response, and progression-free survival in NSCLC patients treated with anti-PD-1/PD-L1. This a pilot study and the results showed a significant association of circulating tumor antigen, CEA, and several NK and T cell immune checkpoint markers with TPD-L1 expression and treatment response. To the best of our knowledge, this is the first study that extensively examines the role of NK/T cell immune checkpoint biomarkers/circulating tumor antigens with regards to TPD-L1 expression and treatment response in this cohort of patients.

We first aimed to identify and understand the role of various NK and T cell immune checkpoint serum markers as surrogate biomarkers/predictors of response with respect to TPD-L1 status. TPD-L1 is the only FDA approved companion diagnostic, predictive marker to assess the eligibility of NSCLC patients for ICI treatment (42). The ICI treatments for NSCLC include anti-PD-1, anti-PD-L1, or combined chemoimmunotherapy. Although TPD-L1 assessment is not a pre-requisite for all ICI treatments, several clinical trials have evaluated its role in predicting survival benefits for ICI-treated NSCLC patients (43). A large-scale meta-analysis on fifteen randomized controlled trials showed that patients with high TPD-L1 expression (>50%) exhibited improved overall response rates and subsequently benefitted from anti-PD-1/PD-L1 therapy (33). However, TPD-L1 expression could not predict survival benefits in patients on combined chemoimmunotherapy (33). This variability in predicting immunotherapy efficacy is possibly due to its inherent limitations, including inadequate tissue sampling, tumor heterogeneity, variable testing parameters, and evolutionary changes in TPD-L1 expression (induced by prior treatment lines), making its utility in clinical settings unclear. On the other hand, liquid biopsy, with its fundamental characteristics, such as noninvasiveness, incorporating tumor heterogeneity, ease of longitudinal monitoring via multiple sampling, and representation of systemic biomarker expression, could serve as an essential component to assess immunotherapy efficacy (44). Furthermore, its utility as a surrogate marker for TPD-L1 expression can help in longitudinal treatment monitoring. Our results showed that in patients with TPD-L1 >50% expression, significant downregulation of the soluble NK immune inhibitory markers Siglec-7 and-9, ULBP4 and significant upregulation of the soluble T cell immune inhibitory marker PD-L2 was observed. The role of these markers in immune regulation is well documented. Siglecs (Sialic acid-binding immunoglobulin-like lectins) are a family of receptors, present mainly on immune cells (45),. Siglec receptors recognize sialoglycan ligands on cell membranes and lead to eventual dephosphorylation of downstream immune pathways leading to inhibition of cellular activation (45). In tumors, the immune suppressive microenvironment helps facilitate this inhibition via aberrant expression of sialoglycan ligands on tumor cells and Siglec receptor overexpression on immune cells (46, 47). A strong receptor-ligand binding leads to immune inhibition and tumor escape (46, 47). Studies have shown that Siglec-7 and -9 are abundantly present in NK cells, and their interaction with sialoglycan ligands (on tumor cells) inhibits NK cell activation (48). Enhanced expression of siglec-7 and -9 in peripheral CD8+ T cells and tumor tissues have been observed in NSCLC, melanoma, and colon cancers (49, 50). Moreover, a study on NSCLC patients observed that high Siglec-9 expression on infiltrating CD8+ T cells was associated with increased expression of PD-L1, co-expression of inhibitory receptors PD-1, TIM-3, Lag3, and reduced production of inflammatory cytokines leading to an exhausted T cell phenotype and poor survival in patients (50–52). In lieu of this, our results show a different pattern. Serum-derived Siglec-7 and -9 were downregulated in patients exhibiting TPD-L1 >50% expression. Since we could not determine the expression of Siglecs in the tumor tissue, it is possible that Siglecs were overexpressed within the tumor tissue, subsequently leading to high PD-L1 expression. However, with their release into the circulation as soluble forms, other factors within the TME may have come into play for their downregulation and modulation. Down-regulation of Siglecs has been associated with augmentation of anti-tumor responses. In this, studies in mice deficient in Siglecs-E (the functional equivalent of human Siglec-9) showed increased in vivo killing of tumor cells and enhanced immunosurveillance (53). The same study showed that polymorphisms in human Siglec-9 contributed to its reduced binding to cancer cells, leading to improved survival in NSCLC patients (53). Therefore, we postulate that downregulation of soluble Siglecs in circulation in our cohort may indicate their role in the anti-tumor response. However, since no study on serum Siglecs and TPD-L1 has been reported, we could not corroborate our data with previous studies. Larger studies on this aspect could provide a better understanding of these Siglecs in TPD-L1 expression and immune regulation.

Another marker, UL16-binding protein 4 (ULBP4) was found to be significantly down regulated in patients expressing TPD-L1>50%. Mainly, NK cell−mediated cytotoxicity is regulated via the binding of NK group 2 member D (NKG2D) activating receptors with their ligands, such as the ULBP family (ULBP1-6) (54, 55). ULBP ligand expression is observed to be low in non-malignant cells (56, 57). However, in tumors, ULBP 1-6 ligands are aberrantly expressed, leading to modulation of anti-tumor responses (56, 57). Specifically, secreted forms of ULBP4 (generated via alternative splicing) have been reported to bind to NKG2D receptor, thus initiating its internalization for NK cell-acquired dysfunction and reduced NK cytotoxicity for tumor immune escape (58–60). Moreover, studies have reported that as ULBP4 ligand secretion increases, it induces the expansion of immune suppressive T cells, thus creating a favorable environment for tumor growth (61). On the other hand, studies on glioma and nasopharyngeal carcinoma have documented contrasting results, showing that upregulation of the cytokines TGF-β/IFN-γ and increased PD-L1 expression can lead to selective downregulation of ULBP3 and 4 to facilitate tumor escape (62–64). Our results agree with this notion showing that as PD-L1 expression increases, ULBP4 expression decreases, possibly playing its role in immune modulation. However, since the role of soluble ULBP4 with respect to PD-L1 expression in ICI-treated NSCLC patients has not been reported yet, we believe that our results could allow further studies to explore this aspect in detail.

In addition to NK markers, the T cell immune inhibitory checkpoint ligand PD-L2 was found to be upregulated in the TPD-L1 >50% group. PD-L2 that serves as second ligand for PD-1 and is involved in T cell regulation via decreased cytokine production and inhibition of T cell receptor (TCR)-mediated proliferation (65). Studies on lung and melanoma have shown that simultaneous expression of PD-L1 with PD-L2 is an important concept and could be one of the mechanisms utilized by tumor cells for immune evasion and tumor progression (66, 67). In fact, a study on ovarian cancer reported that blocking both PD-L1 and PD-L2 could help to overcome resistance to ICI treatment by unleashing the immune responses, thus indicating a clear role of both ligands in immune regulation (68). In our study, we observed simultaneous upregulation of sPD-L2 with TPD-L1 expression, indicating a possible synergistic effect for tumor response. Though tissue PD-L2 was not tested in our cohort, we assume that soluble PD-L2 (generated via splicing event of membrane-bound PD-L2) may indicate its presence within the tumor tissue. Also, as our result indicates concurrent up regulation of both markers (PD-L1 and PD-L2), we propose the utility of sPD-L2 as a surrogate marker for tissue PD-L1 and PD-L2. However, since limited studies on sPD-L2 are available in the literature, our assumption on the dualistic role of TPD-L1 and soluble PD-L2 in anti-tumor response needs further validation.

To understand if any linear relation exists between the up/down regulated soluble markers Siglec-7,-9, ULBP4 and PD-L2, Pearson correlation analysis was performed. We did not find any of these markers to correlate with TPD-L1. However, we did correlation analysis of sPD-L1 with TPD-L1 with the concept that since sPD-L1 is a spliced variant secreted by membrane-bound PD-L1, a linear relationship could exist between the two markers. Interestingly, correlation analysis between serum PD-L1 and TPD-L1 >50% showed a moderate positive relationship indicating that increased serum concentration of PD-L1 could be associated with increased PD-L1 expression in tissues. This is an important finding and allows the assumption that serum PD-L1 could be utilized as a surrogate marker for TPD-L1 status for longitudinal monitoring in patients on ICI treatment. Studies showing a significant positive correlation between the two markers have been reported, thus corroborating our observation (69, 70).

Furthermore, we aimed to identify specific biomarkers that could help stratify responding from non-responding patients in TPD-L1 >50% group. This is important as the identification of early biomarkers of response could help treatment management in this group. In responding patients with TPD-L1 >50% expression, the immune inhibitory markers sPD-L2, sTIMD4, sNectin2 and CEA were significantly downregulated. sPD-L2 is a spliced variant of membrane-bound PD-L2 that retains the ability to bind to its membrane-bound PD-1 receptor for immune regulation (71). Studies on the prognostic value of sPD-L2 in NSCLC are very limited. Only one study on 22 patients was carried out that evidenced better survival in patients with low pre-treatment sPD-L2 expression (18, 72). Moreover, co-expression of sPD-L2 with other soluble mediators such as PD-L1, CD137, TIM-3 BTLA-4 and CEA has been associated with favorable clinical response indicating a synergistic effect of these soluble mediators with each other to induce modulatory effects within the tumor microenvironment (18, 72). In our study, we observed downregulation of sPD-L2 with other soluble immune inhibitory markers such as sTIMD4, sNectin2, and CEA indicating the plausibility of a synergistic mechanism of soluble markers with each other thus enabling anti-tumor response in high tissue PD-L1 expressing patients. Further studies on these markers would enable a better understanding on this inference.

Besides sPD-L2, the NK associated ligand, sNectin2 was also found to be down regulated in high tissue PD-L1 responding patients. Nectin-2 is a immunoglobulin-like cell-to-cell adhesion protein that acts in a stimulatory or inhibitory manner Several studies on serum Nectin-2 have associated its overexpression with aggressiveness and metastasis in various cancers including colon, breast, esophageal and lung indicating its role as a prognostic and predictive biomarker in cancers (73–76). Moreover, blockade via anti-Nectin-2 monoclonal antibodies can induce antibody-dependent cellular cytotoxicity (ADCC) with robust anti-tumor response in breast and ovarian cancers, indicating its role in immune regulation (77, 78). Similar results were observed for Esophageal squamous cell carcinoma (ESCC) where knockdown of Nectin−2 in ESCC cell lines was associated with effective suppression of cell migration and invasion (75). Our results corroborate with these studies, and we postulate that high TPD-L1 could lead to immune-inflamed TME with downregulation of sNectin-2 as an anti-tumor response mechanism in responding patients of this cohort.

Our results also showed downregulation of the immune inhibitory marker TIMD4 (T Cell Immunoglobulin and Mucin Domain Containing 4) in TPD-L1 >50% group. TIMD4 is a cell-surface glycoprotein and in cancers including renal cell carcinoma, diffuse large B-cell lymphoma, pancreatic cancer, and glioma, expression of TIMD4 has been associated with enhanced apoptosis, reduced clonogenic ability of cancer cells, and better survival (79–82). In NSCLC, a comprehensive study documented the role of TIMD4 overexpression in the promotion of lung cancer cell proliferation and poor overall survival (83). Although the mechanism of TIMD4-mediated cancer progression remains unknown, the study showed that mutation in the TIMD4 RGD motif reduces cancer progression (83). We presuppose here (based on the mechanism of action of TIMD4) that high PD-L1 expression could have influenced the TME to induce downregulation of circulating TIMD4 as an active anti-tumor response mechanism in responding patients.

In addition to T and NK cell markers, we also found circulating tumor antigen CEA to be downregulated in the high TPD-L1 group. CEA is a serum glycoprotein and is a well-established prognostic and predictive tumor marker utilized for treatment monitoring in various cancers (84–86). In lung cancers, elevated CEA levels have been associated with tumor size, lymph node status, stage of disease, and treatment monitoring (87). Studies on ICI-treated NSCLC patients’ have associated high pre-treatment levels of CEA with worse PFS and OS (23, 25, 27). Moreover, a study on the correlation between CEA and PD-L1 has reported CEA as an independent prognostic indicator of worse OS in the PD-L1-positive group (88). On the other hand, a more specific role of CEA and immune modulation via PD-L1 has recently been documented (89–94). Several studies on T cell–bispecific antibody (CEA-TCB) targeting CEA and T cell receptor have shown interesting results in syngeneic tumor models, cell lines, in vivo humanized mice, and patients (89–94). CEA-TCB specifically induced T cell-mediated killing of CEA-expressing tumors by converting a non-inflamed PD-L1 negative tumor to a highly inflamed PD-L1 positive tumor (89–94). In our study, responding patients with high tissue PD-L1 showed down-regulation of CEA. Based on previous studies discussed above including low pre-treatment CEA associated with response and elevated PD-L1 expression inducing an immune hot/inflamed TME, we postulate that in our cohort high PD-L1 expression may have led to downregulation of CEA thus facilitating an efficient anti-tumor response.

The second aim of our study was to understand the role of soluble biomarkers as early predictors of response in NSCLC patients on ICI treatment. We stratified our analysis into various aspects, as discussed below. Firstly, we sought to identify early predictive biomarkers of response in patients on different therapeutic regimens (anti-PD-1/PD-L1 monotherapy group vs. chemoimmunotherapy group). In the anti-PD-1/PD-L1 monotherapy group, we identified two immune suppressive markers to be significantly associated with response. In responding patients, immune inhibitory checkpoint marker sPD-1 was found to be significantly downregulated. sPD-1 is a spliced variant of membranous PD-1 that retains its PD-L1 binding domain and can thus bind to membranous PD-L1 and PD-L2. This binding facilitates several immune modulatory effects, including early activation of CD8+ T cells, blocking of PD-L1 expression on tumor cells, and essentially reducing T cell inhibition (11, 95). On the other hand, some studies have documented its role in tumor immune escape via its ability to bind with membrane-bound PD-1 and in turn, compete with therapeutic anti-PD-1 monoclonal antibodies for their PD-1 binding site (95). The successful binding of sPD-1, instead of anti-PD-1 antibodies, leads to suboptimal efficacy/reduced bioavailability of therapeutic monoclonal antibodies (95). In ICI- treated NSCLC patients, the role of sPD-1 is still unclear and is described in a dynamic context (18, 19, 96). Mainly, dynamic increase in sPD-1 after anti-PD-1 treatment has been significantly associated with disease progression, indicating that as sPD-1 levels increase, it strengthens T cell inhibition and cancer immune evasion, thus resulting in poor outcome (18, 19, 96). Our result shows that in the anti-PD-1/PD-L1 group, low pre-treatment sPD-1 levels are associated with patients’ response to treatment. We postulate that low expression of sPD-1 may induce a weak affinity for membranous PD-1 thus allowing benefit to therapeutic anti-PD-1 antibodies to effectively bind and induce an active anti-tumor response. However, since we did not assess its modulation after treatment, we cannot comment on its dynamic role in immune regulation (as described in earlier studies). Our group is conducting a study on pre- and post-treatment sPD-1 levels which may give better insight into this aspect.

We also identified S100A8/A9 as a biomarker in non-responding patients on anti-PD-1/PD-L1 monotherapy. In tumors, pro-inflammatory S100A8/A9 production helps sustain MDSC accumulation for maintaining immune suppressive TME and facilitating tumor immune escape (97, 98). In lung cancers, S100A8/A9 overexpression has been implicated in the promotion of pre-metastatic niches, anchorage-independent invasion, and tumor cell proliferation (99, 100). Several studies on NSCLC have also associated overexpression of S100A8/A9 with poor survival and a high relapse rate (100–103). Moreover, the blockade of S100A8/A9 by anti-S100A8/A9 monoclonal antibodies demonstrated significant inhibition of lung metastasis in a mouse model (104). With respect to anti-PD-1 treatment, studies on head and neck, gastric, and melanoma have reported high levels of S100A8/A9 in non-responding patients indicating its role in ICI treatment resistance (105–108). However, studies on the role of S100A8/A9 in NSCLC patients treated with immune checkpoint inhibitors are limited. One single study, conducted on extracellular vesicle (EVs) proteins in 31 ICI-treated NSCLC patients, reported dynamic modulation of S100A8 with increased baseline associated with increased chemotaxis of myeloid cells (S100A8) while decreased expression (after treatment) was associated with inhibition of myeloid cell chemotaxis with induction of treatment response (109). Our result supports such a mechanism where the increased expression of S100A8/A9 may lead to increased chemotaxis of myeloid cells, and this resulted in immune suppression and resistance to the response. Additionally, results from other cancers (described above) corroborate with our study findings indicating the significance of S100A8/A9 as a novel predictive biomarker in ICI-treated NSCLC patients.

Having identified discriminatory markers in different treatment types, we intended to evaluate the predictive biomarkers of response irrespective of the treatment types used. This objective aimed to identify generalized biomarkers that could help to stratify responders vs. non-responders in patients on any type of ICI regimen. We observed downregulation of sCD80, CEA and sTIMD4 in responding patients. For TIMD4, the optimal value of <600 pg/ml was found to discriminate responders from non-responders with sensitivity and specificity of 75 to 66%, respectively. However, this optimal value could not be associated significantly with PFS. As discussed earlier, the mechanism of TIMD4 is still unclear. However, its low expression has been associated with better overall survival in NSCLC, indicating its potential as a prognostic/predictive biomarker (81, 83, 110). Since our results did not show its association with the response (as observed in previous studies), we hypothesize that synergistic expression of circulating immune modulatory molecules such as CD80, CEA, etc., with TIMD4 may be playing their role in influencing its association. Furthermore, it is possible that the role of TIMD4 as a predictive biomarker may be associated with its dynamic modulation in pre- and post-treatment samples.

In addition to sTIMD4, an optimal cut-off value of sCD80 level (<91.7 pg/ml) was found to be able to discriminate responders from non-responders and PFS. Briefly, soluble CD80 is generated via splicing of membranous CD80 (111). Though sCD80 lacks a transmembrane domain, it can still bind to CTLA-4, CD28 and activated T cells (111). Based on its ability to interact with both co-stimulatory (CD28) and co-inhibitory (CTLA-4) molecules, its role in immune modulation is contradictory. Its engagement with CD28 and PD-L1 is associated with T cell activation, while it’s binding with CTLA-4 can lead to co-inhibition of T cells leading to tumor immune escape and progression (112, 113). Moreover, sCD80 can compete with membrane-bound mCD80 on antigen-presenting cells thus reducing its co-stimulatory effects on T cells making the tumor invisible to the immune cells (114). Studies on prostate cancer, hematological malignancies, renal cell carcinoma, and NSCLC have associated low serum CD80 expression with progression-free survival while high levels are associated with enhanced invasiveness and poor prognosis (115–118). In this context, our results corroborate with previous findings. However, in our study, multivariate analysis did not identify sCD80 as an independent predictive biomarker in this cohort. This could be due to the inherent characteristic of this marker to form intricate, complex relationships with other checkpoints such as PD-L1, CD28, and CTLA4, making it a dynamic rather than an independent marker (119, 120). Larger comprehensive studies on sCD80 will help to provide a better understanding of this marker in ICI- treated NSCLC patients.

Our study identified CEA as a highly robust predictive biomarker in the ICI-treated NSCLC patient cohort. The optimal cut-off value of CEA <1614 pg/ml was associated with not only its ability to discriminate responders vs. non-responders but also with PFS and as an independent predictor of response. The role of CEA in its prognostic/predictive capacity has been documented for several cancers (23, 25, 27). However, limited studies have reported on this important tumor marker in ICI-treated NSCLC patients. Results from these studies showed high baseline CEA levels followed by a decrease of more than or equal to 20% within 4-6 weeks of immunotherapy treatment to be associated with response (23, 25, 27). Our study is the first to associate a specific cut-off, observed prior to treatment, to be associated with response prediction. As CEA is a routinely used marker in diagnostic settings, its utility in ICI treatment is complemented by this cut-off-value that could help in the early stratification of patients for efficient treatment management. Moreover, the mechanism of CEA in immune modulation (discussed earlier) further evidences its potential as a robust predictive biomarker in NSCLC patients treated with ICI.

The main limitation of this study is that we were unable to evaluate serum levels of immunosuppressive factors in a control group of individuals without NSCLC with approximately the same age and comorbidity profile as the patients. Since comorbidities such as atherosclerosis, inflammatory diseases, metabolic disorders, lifestyle and age are important factors of immune landscape change and can significantly influence the level of immunosuppressive mediators and cells in the blood, this could give a broader understanding of the immune mediators. However, due to the scope of study focusing only on patients and non-availability of healthy controls of same age and comorbidity profile as the patients, we were unable to assess this aspect.





Conclusions

Identifying soluble, non-invasive immune oncology and tumor antigens as biomarkers of response in ICI treated-NSCLC cohort is an emerging and exciting field that can help better understand immune regulatory mechanisms and their role in anti-tumor responses. This understanding can help to stratify responding patients from non-responding ones early in the treatment timeline thus aiding in robust treatment management. We were able to identify NK/T cell markers as biomarkers for TPD-L1 and CEA as robust predictive biomarkers of response in the ICI-treated NSCLC patient cohort. We have presented several novel early biomarkers concerning TPD-L1 expression and treatment response that have not been reported in previous studies, which is the main strength of this study. However, limitations of the study include a small sample size in a single-center study. We tried to overcome these limitations with robust analysis with recommendation that our study results serve as a foundation for large-scale studies for better patient stratification and management.
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Introduction

The biological function and prognosis roles of thymosin β(TMSB) 10 are still unclear in pan-cancer. 





Methods

We retrieved The Cancer Genome Atlas and Genotype-tissue expression datasets to obtain the difference of TMSB10 expression between pan-cancer and normal tissues, and analyzed the biological function and prognosis role of TMSB10 in pan-cancer by using cBioPortal Webtool. 





Results

The expression of TMSB10 in tumor tissues was significantly higher than normal tissues, and showed the potential ability to predict the prognosis of patients in Pan-cancer. It was found that TMSB10 was significantly correlated with tumor microenvironment, immune cell infiltration and immune regulatory factor expression. TMSB10 is involved in the regulation of cellular signal transduction pathways in a variety of tumors, thereby mediating the occurrence of tumor cell invasion and metastasis. Finally, TMSB10 can not only effectively predict the anti-PD-L1 treatment response of cancer patients, but also be used as an important indicator to evaluate the sensitivity of chemotherapy. In vitro, low expression of TMSB10 inhibited clonogenic formation ability, invasion, and migration in glioma cells. Furthermore, TMSB10 may involve glioma immune regulation progression by promoting PD-L1 expression levels via activating STAT3 signaling pathway.





Conclusions

Our results show that TMSB10 is abnormally expressed in tumor tissues, which may be related to the infiltration of immune cells in the tumor microenvironment. Clinically, TMSB10 is not only an effective prognostic factor for predicting the clinical treatment outcome of cancer patients, but also a promising biomarker for predicting the effect of tumor immune checkpoint inhibitors (ICIs) and chemotherapy in some cancers.
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Introduction

The thymosin β(TMSB)family members, including TMSB4, TMSB10 and TMSB15, which were originally identified from the thymus. The functions of TMSB mainly to inhibit actin polymerization and disrupt F-actin formation. TMSB10 contains 40-44 amino acid protein and is mainly localized in cytoplasm, which has multiple physiological functions in humans, such as early organ development, apoptosis, proliferation, migration, angiogenesis (1).

Several studies have found that up-regulated expression of TMSB10 is associated with metastasis and invasion in a variety of solid cancers. For example, Overexpression of TMSB10 by activating the AKT/FOXO signaling pathway in vitro and in vivo could promote proliferation, invasion, and migration of breast cancer (2–4). By mediating the transformation and proliferation of pI3k/AKT signaling pathway, TMSB10 could promote lung adenocarcinoma (2–4). TMSB10 induces renal cell carcinoma by regulating renal epithelial mesenchymal transition (2–4). It is also a key factor in promoting the proliferation of papillary thyroid carcinoma (PTC) and epithelial-mesenchymal transition (EMT) progression, by negatively regulating microRNA (5). Recently, several reports have found that TMSB10 may have a closely relationship with immune infiltration, JUN as one of the activating protein-1 (AP-1) transcription factor, it regulates the expression of TMSB10 through transcription by CHIP assay, which could enrich its biological information function (6, 7).

In our study, we conducted a pan-cancer genomic analysis of TMSB10 across different cancer types by using GTEx and The Cancer Genome Atlas (TCGA) database, evaluating the expression of TMSB10 and its association with the prognosis of patients with different cancers. Furthermore, we examined the relationship between TMSB10 expression and the immune cell infiltration score, immune checkpoints, immune activation genes, immune inhibition genes and the response of immunotherapy and chemotherapy. Finally, we validated our findings in vitro. Our research aims to provide a new understanding of TMSB10 in Pan-cancer. The results show that TMSB10 has the potential to affect the tumor microenvironment, cancer immunotherapy and chemotherapy response.





Methods




Data collection and processing

TMSB10 expression in different tissues is based on The Cancer Genome Atlas (TCGA) pan-cancer tissue database and Chinese Glioma Genome Atlas (CGGA), normal human tissue data is based on Genotype-Tissue Expression (GTEx) database, which were downloaded from the UCSC Xena database (https://xenabrowser.net/datapages/) (8). The marked copy number segment, DNA methylation (Illumina human methylation 450), gene expression RNAseq (HTSeq), somatic mutation (SNPx and small INDELs) were also downloaded. The expression profile was converted into transcripts in the format of millions of bases per thousand (TPM) according to the following steps: We call raw data as “read counts”, “total reads” are sum of read counts of all genes in each sample. We can obtain a matrix data including genes through the read counts divided by the length of the gene. Finally, we obtained the relative expression data matrix data divided by “total reads”, and the data in log2 (TPM+1) format were used for subsequent analysis. All cancer lists with abbreviations was in the Table S1.





Genomic alterations, localization, and interaction of TMSB10 in cancers

Using multifunctional cBioPortal cancer genome database (http://www.cbioportal.org) can identify molecular data in cancer tissue and understand related gene epigenetics, gene expression and protein group (9, 10). In this study, we explored the correlations of TMSB10 mRNA expression and coy number variation in cancer through this database, such as gene alteration frequency, gene mutation, gene amplification and deep deletion. We also visualized the rate of change in the genome through the cBioPortal Webtool.

The Human Protein Atlas (HPA; http://www.proteinatlas.org) database was used to provide the protein level of TMSB10 in human tumor. String (https://string-db.org/) database was used to show the protein-protein interaction network (PPI; http://comppi.linkgroup.hu/) of TMSB10. GeneCards (https://www.genecards.org/) was used to visualize the subcellular locations of TMSB10.





Prognostic and function enrichment analysis

Prognostic factors included overall survival (OS) time, progression-free survival (PFS) time, disease-specific survival (DSS) time, and disease-free interval survival (DFI) time. Kaplan-Meier model and Univariate Cox Regression were used to evaluate the relationship between TMSB10 and pan-cancer.

50 Hallmark gene sets were obtained from the Molecular Signature Database (MSigDB, https://www.gseamsigdb.org/gsea/index.jsp) and the Normalized Enrichment Fraction (NES) and False Discovery Rate (FDR) of biological processes of each cancer were calculated. The R software packages “clusterProfiler” (11) and “GSVA” (12) were used for gene enrichment analysis, and the results were displayed as heat maps in the R software package “ggplot2”.





Immune infiltration of TMSB10

Tumor microenvironment (TME) plays an important role in tumor genesis and development. By ImmuneScore, StromalScore and ESTIMATE Score, we found that the higher the ImmuneScore or StromalScore was, the larger the proportion of immune matrix was, which was positively correlated with immune infiltration. ESTIMATE Score is the sum of the Immune Score and Stromal Score, which represents the time of the integral proportional component of ESTIMATE Score. We evaluated the relationship between TMSB10 mRNA expression and several immune cell subsets, including cancer-associated fibroblast (CAF), B cells, neutrophils, CD4+ T cells, endothelial cells (Endo), eosinophil (Eos), NK T cells, γ/δ T cells, monocytes, macrophages, CD8+ T cells, mast cells, and NK cells across cancers in a heatmap by using the R package “ggplot2”.





Immunotherapy prediction

The Spearman correlation analysis was used to analyze the association between TMSB10 and immunotherapy biomarkers. This analysis could also reflect the relationship between TMSB10 and tumor mutation load (TMB) and satellite instability (MSI) in pan-cancer. In order to explore the relationship between TMSB10 and immune checkpoint blockade (ICB), two ICB therapy cohorts, anti-PDL1 (CD274) and CTLA4, were used to verify the ability of TMSB10 in immunotherapy response in renal carcinoma and melanoma. By using the “SURV cut point” of the “SurvMiner” R software package to determine the optimal cutoff value, patients were divided into low-expression TMSB10 group and high-expression TMSB10 group. Chi-square test was used to assess the Overall Survival and Progression Free Survival in the patients with low and high TMSB10 expression.





Chemotherapy sensitivity

The Spearman method was used to analyze the relationship between TMSB10 and chemotherapy sensitivity. IC50, the semi-inhibitory concentration, measures the concentration of 50% of tumor cell apoptosis induced by chemotherapy drugs, it can reflect the tolerance degree of tumor cells to various chemotherapy drugs. The higher of the IC50, the stronger resistant ability of the tumor. IC50 was used to investigate the relationship between TMSB10 and chemotherapy sensitivity. The Connectivity Map (CMap) database (https://portals.broadinstitute.org/cmap/), which could provide the relationship between TMSB10 expression in pan-cancer and specific inhibitors through the heatmap.





Cell lines and western blotting

Human astrocytes were purchased from BIONEED (Beijing, China), and U251 and LN229 were purchased from the BeNa Culture Collection (Beijing). All cells were cultured in DMEM (Sigma-Aldrich, USA) with 10% fetal bovine serum (FBS) at 37 °C with 5% CO2. TMSB10 and negative control (NC) were synthesized by Santa Cruz Biotechnology (USA). Cell transfection was done using 40 nM TMSB10 RNA or vector for 24 hours. The cell proteins were extracted using RIPA buffer. Protein concentrations were detected using a BCA kit. Incubation of the membranes was done with rabbit anti-human primary antibodies against TMSB10 (Cell Signaling Technology, USA), E-cadherin, N-cadherin, and Vimentin (Cell Signaling Technology) or β-tubulin (Cell Signaling Technology) as a loading control.





Reverse-transcription quantitative polymerase chain reaction

RT-qPCR was performed as per the guidelines provided by the manufacturer (Takara Bio, Japan). TRIzol kit (Invitrogen, USA) was utilized for total RNA extraction, and cDNA was formed by reverse transcription of 1,000ng RNA in 20μL reaction volume. Santa-Cruz Biotechnology designed the following qPCR primer sequences: reverse 3`- cttatcgaagctggcgattt -5` and forward 5`- agtgggagcaccaggatct -3`. SYBR premix Taq and a CFX96 Real-Time PCR Detection System (Bio-Rad, USA) were employed to perform RT-qPCR. For the relative expression quantification of TMSB10, the 2-ΔΔCT method was utilized.





Cell migration assay

24-well transwell chambers were utilized to conduct cell migration assay with 600μL DMEM and 10% FBS at the bottom. NC and glioma (U251 and LN229) cells (1 × 105) with transfection of TMSB10 were seeded into upper chambers with 100µL serum-free medium. Cotton swabs were utilized to remove cells on the upper surface of the filter following a whole day of culture. In addition, 4% formaldehyde was utilized to fix lower-surface invading cells, followed by their staining using Giemsa solution.





Cell scratchy assay

Horizontal lines were drawn across the back of a six-well plate using a marker at approximately 0.5–1 cm distance from each other. Approximately 1 x 105 NC shRNA and U251 and LN229 TMSB10-overexpressing cells were seeded into the six-well plate. A sterile 200-μL pipette tip was employed to scrape the cell monolayer after two days. This was followed by cell washing thrice using PBS to remove loose cells and adding the serum-free medium, after which cell incubation was done at 37°C with 5% CO2. Photographs were recorded at 0 and 48 hours.





Clonogenic assay

NCs and U251 and LN229 TMSB10-overexpressing cells were seeded in six-well plates (1 × 105 cells per well). PBS was employed to wash the cells thrice after a period of 14 days, and then they were stained using 0.2% crystal violet. The surviving colonies were identified as those with a cell number greater than 50. Viability data were standardized based on the NC treatment.





Statistical analyses

The Wilcoxon rank-sum test was used to compare the expression difference of TMSB10 between tumor tissues and normal tissues. Paired T test was used to evaluate the protein levels of TMSB10 in clinical GBM samples and adjacent tissues. Univariate Cox regression analysis and Kaplan-Meier method (log-rank test) were used to evaluate the effect of TMSB10 expression on the prognosis of generalized carcinoma. The Spearman correlation analysis was used to predict the efficacy of TMSB10 on immunotherapy checkpoint inhibitors and chemotherapy. Finally, chi-square test was used to compare low and high expression of TMSB10 with specific inhibitors in pan-cancer.






Results




Abnormal expressions of TMSB10 in pan-cancer

By integrating GTEx database, the top three normal tissues with high expression of TMSB10 are ovary, lung, and adipose tissue (Figure 1A). By integrating TCGA database, the expression level of TMSB10 in tumor tissues was higher than the corresponding normal tissues, and the result showed that TMSB10 is highly expressed in 15 tumor types: BLCA, BRCA, CHOL, COAD, ESCA, GBM, HNSC, KIRC, KIRP, LUAD, LUSC, READ, STAD, THCA and UCEC (all P<0.05). By contrast, TMSB10 is lowly expressed in 3 tumor types: KICH、LIHC and PRAD (all P<0.05). (Figure 1B)




Figure 1 | General information of TMSB10. (A) Expression level of TMSB in different organ. (B) Comparisons of TMSB10 expression levels between tumor and normal tissues. (C) Landscapes of TMSB10 in pan-cancer. (D) TMSB10 expression of different gene mutations in Sarcoma. (E) Protein-protein interaction for TMSB10. (F) Subcellular locations of TMSB10. *P<0.05; **P<0.01; ***P<0.001.







Gene alteration levels of TMSB10 in pan-cancer

In view of the abnormal expression of TMSB10 in pan-cancer, we speculate that this phenomenon may be related to the genetic alteration of TMSB10. The result showed that Patients with Sarcoma had the highest “Amplification” frequency of TMSB10 genetic alteration (>3%). Therefore, we further analyzed the expression of TMSB10 in the Sarcoma “Amplification” group, “Diploid” group, “Gain” group and “Shallow Deletion” group, and found that the expression of TMSB10 in the “Diploid” group was significantly higher than “Shallow Deletion” group (Figure 1D). The “Structural Variant” were found in the Mature B-cell Neoplasms with a frequency of about 2%. The “Mutation” type of copy number alteration (CNA) was only found in Pancreatic cancer (Figure 1C).





Interaction and subcellular locations of TMSB10

By searching the ComPPI database, TMSB10 participates in several protein-protein interactions. The most closely related to S100A6 (Figure 1E). By querying the Human Protein Atlas (HPA), the subcellular localization of TMSB10 was mainly located in the cytoskeleton, then followed by cytosol (Figure 1F).





Prognosis roles of TMSB10 in pan-cancer

To further investigate the predictive potential of TMSB10 in pan-cancer, we compared and analyzed four prognostic indicators of 33 cancers, which contained Overall Survival (OS), Progression-Free Survival (PFS), Disease-Specific Survival (DSS) and Disease-Free Interval (DFI). Heat map results showed that TMSB10 was highly correlated with the prognosis of multiple cancers. It is a risk factor for poor prognosis for ACC, BRCA, CESC, COAD, GBM, HNSC, KIRC, LGG, LIHC, LUAD, LUSC, MESO, PAAD, PRAD, SARC, STAD, THCA, THYM, and UVM. In contrast, TMSB10 is a protective factor for BLCA, OV, PCPG, SKCM, and UCEC, and it is not associated with CHOL, DLBC, ESCA and TGCT (Figure 2A). The Forest map results showed that downregulation of TMSB10 expression could prolong the OS of some tumors: LGG (HR=2.250 [95%CI, 1.837-2.756], P<0.001), ACC (HR=2.086 [95%CI, 1.528-2.850], P<0.001), MESO (HR=2.329 [95%CI, 1.492-3.634], P<0.001), KIRC (HR=1.417 [95%CI, 1.124-1.786], P=0.003), PAAD (HR=1.490 [95%CI, 1.143-1.943], P=0.003), LUAD (HR=1.336 [95%CI, P=0.004), LIHC (HR=1.175 [95%CI, 1.046-1.320], P=0.006), GBM (HR=1.470 [95%CI, 1.114-1.939], P=0.006), UNM (HR=2.726 [95%CI, 1.282-5.799], P=0.004). Upregulation of TMSB10 expression could shorten the OS in OV (HR=0.891 [95%CI, 0.830-0.957], P=0.002) (Figure 2B, Figure S1). In addition, we analyzed Kaplan-Meier curves of these tumors which have statistical significance, found that low expression of TMSB10 is an important favorable prognosis marker in many tumors, such as LGG, ACC, MESO, PAAD, LUAD, LIHC, GBM (all P<0.05). In Comparison, we also found that high TMSB10 expression in OV had a favorable prognosis. Therefore, we suppose that TMSB10 has an important value in predicting the prognosis of many cancers (Figures 2C–L).




Figure 2 | Prognosis roles of TMSB10 in pan-cancer. (A) Correlations of TMSB10 with OS, PFS, DSS and DFI using cox regression and Kaplan-Meier methods in pan-cancer. (B) Forest indicated the correlations of TMSB10 with OS in pan-cancer. (C-L) Kaplan-Meier survival curve of OS in LGG, ACC, MESO, OV, KIRC, PAAD, LUAD, LIHC, GBM AND UVM.







Gene set variation analysis identified the correlations of TMSB10 with immune response

To further explore the biological processes of TMSB10 in cancer initiation and development, we performed Gene Set Variation Analysis (GSVA) on 33 cancers to evaluate the relationship between TMSB10 and 50 common cancer signaling pathways, tumor immune and inflammatory responses. The results showed the immune and inflammation-related pathways:IL2-STAT5-signaling, Allograft-rejection, Inflammatory Response, IL6-JAK-STAT3-signaling, TNFA-signaling-via-NFKB, IFN-α-Response and IFN-γ-Response, and TMSB10 was significantly and positively enriched in various tumors, especially in BLCA, GBM, KICH, KIRC, PCPG and THCA. These results suggest that TMSB10 may be closely related to the tumor immune microenvironment and immune Response. Our results also showed that TMSB10 was positively enriched in most OV and TGCT signaling-pathways, immune and inflammatory reactions, while negatively enriched in READ and THYM. In addition, we found that TMSB10 was positively correlated with Epithelial Mesenchymal Transformation (EMT) in a variety of tumors: ACC, BLCA, BRCA, GBM, KICH, KIRC, LGG, LIHC, LUSC, PAAD, PCPG, SARC, SKCM, TGCT, THCA and SKCM, suggesting that TMSB10 may play an important role in tumor invasion and migration (Figure 3). TMSB10 may exert its function in the development and progression of cancer by regulating tumor microenvironment and mediating tumor-related immune and inflammatory responses.




Figure 3 | Gene set variation analysis of TMSB10 in pan-cancer *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001.







Tumor microenvironment and immune infiltration Levels of TMSB10 in pan-cancer

Our previous results showed that TMSB10 was associated with tumor immune microenvironment. Therefore, we analyzed the relationship between TMSB10 and tumor immune microenvironment by ESTIMATE score and Enrichment score, and the results verified that TMSB10 was positively correlated with the level of immune cell infiltration in a variety of tumors, especially in KICH、UVM、LGG and LIHC (Figures 4A, B). The relationship between TMSB10 expression and various immune cell infiltration in pan-cancer was explored by TIMER2.0 database. The results showed that TMSB10 was positively correlated with some immune cells, such as T cells gamma and delta, CD4_Th1 and Th2, macrophage M1 and M2, CD8+ T cells, endothelial cells (Endo), and eosinophils (Eos) (Figure 5). We also explored the correlations of TMSB10 with cell-specific markers in pan-cancer. The Figure S2 presented the results, and we found that TMSB10 was positively associated with these cell-specific markers in LIHC, THCA, TGCT, KICH, LGG, PCPG, SARC, GEM, BLCA, SKCM, and BRCA. Some markers CD14 (monocyte), CD3D (CD4+T cells), CD3E (CD8+T cells), CD68 (macrophage), CST3 (myeloid cells), GNLY (NK cells), KRT18 (epithelial cells), and NKG7 (NK cells) were positively associated with TMSB10 in all cancers.




Figure 4 | Tumor microenvironment analysis of TMSB10 in pan-cancer. (A) ESTIMATE method. (B) enrichment score method *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001.






Figure 5 | Immune infiltration levels of TMSB10 in different immune cells.







Correlations of TMSB10 with immune regulators, TMB and MSI

The Spearman correlation analysis was performed to know the relationship between TMSB10 and 46 immunoregulatory genes (Figure 6A). The results showed that TMSB10 was positively correlated with various tumor immune activation genes, especially in THCA, KICH, PAAD, OV, PCPG, KIRC and LGG, but negatively correlated with THYM and READ. We also found that TMSB10 was positively correlated with multiple tumor immune inhibition genes, especially in UVM, KICH, LIHC, OV, THCA, SKCM, BLCA, LGG, and PCPG, while READ was negatively correlated (Figure 6B). In conclusion, TMSB10 as a “dual-role” is related to both immune activation gene and immune inhibition genes in KICH, THCA and LGG. The interaction of chemokines and their receptors controls the targeted migration of various immune cells, clears the source of infection, promotes wound healing, and destroys the function of abnormal proliferating cells. Our results showed that TMSB10 expression was positively correlated with the expression of multiple chemokines and their receptors, such as THCA, UVM and KICH (Figures 7A, B). In order to further understand the role of TMSB10 in predicting the efficacy of Immune Checkpoint Inhibitor (ICI), we used Tumor Mutation Burden (TMB) and Microsatellite Instability (MIS) to predict the relationship between TMSB10 and the efficacy of immunotherapy. The results showed that the expression of TMSB10 in COAD, KIRP, STAD, SKCM, BLCA and BRCA was positively correlated with TMB, and negatively correlated in DLBC, LIHC and CESC (Figure 7C). In addition, the expression of TMSB10 was positively correlated with MSI in HNSC, STAD, THCA, COAD, PRAD and BRCA, and negatively correlated in CHOL, CESC, LUAD, and UVM (Figure 7D). In addition, we found that TMSB10 could effectively predicted the effect of anti-PDL1 (PDCD1), anti-CTLA4 and anti-TIGIT immunotherapy in KIRC, KICH and MESO, and the expression of TMSB10 is positively correlated with immune cell infiltration (Figures 7E–G). These results indicated that TMSB10 may be associated with immune regulation in some cancer.




Figure 6 | Correlations of TMSB10 with immune genes. (A) immune activation genes. (B) immune inhibition genes *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001.






Figure 7 | Correlations of TMSB10 with chemokines and immune checkpoint key genes and its effect on immunotherapy. (A, B) Associations between TMSB10 and chemokines and its receptors (*P<0.05, **P<0.01, ***P<0.001). (C, D) Correlations of TMSB10 with TMB and MSI levels. (E-G) Associations between TMSB10 with immune checkpoint key genes in KIRC, KICH, and Melanoma. (H-K) Effects of TMSB10 expression on anti-PD-L1 treatment responses and OS in Checkmate cohorts. (I-L) Effects of TMSB10 expression on anti-PD-L1 treatment response and PFS in Checkmate cohorts. (J, M) Effects of TMSB10 expression on anti-PD-L1 treatment response and OS in GSE78220 cohorts. *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001.







TMSB10 predicts immunotherapy response

In the Checkmate cohort, the efficacy of immune checkpoint inhibitors (anti-PD-L1) in the TMSB10 high expression group was worse than that in the low expression group (Figures 7H, I), and the OS and PFS in the TMSB10 high expression group were also lower (Figures 7K, L). However, in the GSE78220 cohort, although the efficacy of anti-PD-L1 therapy was worse in the TMSB10 high expression group, there was no significant effect on OS (Figures 7J, M). TMSB10 may be used as an effective marker to predict the efficacy of immune checkpoint inhibitors in some cancer.





Effect of TMSB10 on chemotherapy sensitivity

The relationship between gene expression and the efficacy of chemotherapy was reflected in the immune infiltration correlation plot. We selected the top 6 small molecule compounds with chemotherapy resistance/sensitivity as examples, and the results showed that the expression of TMSB10 was positively correlated with some chemotherapy resistance, especially in Sorafenib, LGK 974, Vorinostat, AZD5991, TAF1 and AZD1208. However, TMSB10 was positively associated with sensitivity to some chemotherapy, especially in ZM447439, BI-2536, JQ1, Nu7441, Tozasertib and Dasatinib (Figure S3, Table S2).





TMSB10 promotes glioma progression by regulating PD-L1 expression via IL6/JAK/STAT3 signaling pathway

We further explored the function role of TMSB10 in glioma through cell experiments. In CGGA, high-expressed TMSB10 was associated with poor OS (Figure 8A) and PFS (Figure 8B). Next, we compared the TMSB10 expression level among different grade, and we found glioma patients with advanced grade had higher TMSB10 expression (Figure 8C, P=1.3e-36). Finally, univariate, and multivariate cox regression showed that TMSB10 was an independent prognosis factor for glioma (univariate: HR=1.337, 95%CI: 1.243-1.439, P<0.001, Figure 8D; Multivariate: HR=1.095, 95%CI: 1.04-1.194, P=0.041, Figure 8E).




Figure 8 | TMSB10 is an independent prognosis factor in glioma. (A, B) High-expressed TMSB10 is associated with poor OS and PFS(C) TMSB10 increased with grade. (D, E) Univariate and multivariate cox regression indicated that TMSB10 was associated with prognosis in glioma.



Then, we built glioma cells of TMSB10 low expression (Figures 9A, B). We found low expression of TMSB10 inhibited clonogenic formation ability, invasion, migration in vitro (Figures 9C–J). Furthermore, the correlation analyses indicated that TMSB10 were positively associated with PD-L1 expression level in primary and recurrent glioma (Figures 10A, B). The pathways enrichment analysis indicated TMSB10 was positively associated with IL6/JAK/STAT3 signaling pathway (Figure S4), and we also found TMSB10 was positively associated with IL-6 in patients with primary/recurrent glioma (Figures S5A-H, grade III: r=0.46, P<0.001, grade IV: r=0.317, P=0.003). Western blot indicated that PD-L1 and p-STAT3 expression levels were significantly down-regulated after TMSB10 knock down (Figures 10C, D). qPCR also indicated that mRNA levels of PD-L1 and IL6 were down-regulated after TMSB10 knock down (Figures 10E, F). Furthermore, we found PD-L1 expression and p-STAT3 levels were increased in TMSB10-knock down cells using IL-6 stimulating for 36 hours (Figures S6A–C). TMSB10 may involve glioma immune regulation progression by promoting PD-L1 expression levels via activating STAT3 signaling pathway.




Figure 9 | TMSB10 involves in glioma progression. (A, B) Establishment of TMSB10 knock out cells. (C, D) Low expression of TMSB10 inhibited the clonogenic formation ability of glioma cells. (E , F) Low expression of TMSB10 inhibited migration of glioma cells. (G–J) Low expression of TMSB10 inhibits the invasion and migration of glioma cells. *P<0.05; ***P<0.001.






Figure 10 | Low expression of TMSB10 inhibited PD-L1 expression via regulating STAT3 signaling. (A, B) TMSB10 was positively associated with PD-L1 in primary and recurrent glioma. (C, D) Western blot indicated PD-L1 and p-STAT3 were down-regulated after TMSB10 inhibition in glioma cells. (E, F) q-PCR indicated IL6 and PD-L1 were low expressed after TMSB10 inhibited. *P<0.05; ***P<0.001.








Discussion

Immune checkpoint inhibitors (ICIs) play an important role in the maintenance of tolerance and tissue damage caused by immune response by regulating the number and function of antigen-specific T cells. The immune checkpoints mainly include programmed death-1 (PD-1), cytotoxic T lymphocyte associated antigen 4 (CTLA-4), T cell Immunoglobulin domain and Mucindomain-3 (TIM-3), which can induce immunosuppressive responses of T cells and promote T cell failure by binding with corresponding ligands on the surface of tumor cells. Prompting tumor cells to evade the immune system’s surveillance (13, 14). At present, the monoclonal antibodies that block the interaction of PD-L1/PD-1 have been clinically approved for many solid cancer immunotherapy, especially refractory or advanced tumors. However, although antibody drugs have been used wildly in the clinical cure, the curative effective is still not satisfied enough, the effective rate of PD-1/PD-L1 inhibitor treatment is only 20%-40% in many solid tumors (15, 16), which emphasizes the necessity of developing new immune checkpoints to predict the prognosis of cancer immunotherapy. In our study, we proved that TMSB10 could become a hopeful prognosis biomarker in pan-cancer, especially in the response of cancer immunotherapy and chemotherapy in the future.

According to our study, the expression level of TMSB10 is not only different in normal tissues, but it was higher in many tumor tissues by integrating GTEx and TCGA database. Our result showed that TMSB10 is highly expressed in 15 tumor types and lowly expressed in 3 tumor types. Our findings are consistent with most previous studies that have shown that overexpression of TMSB10 is closely related to the occurrence and development of gastric cancer, breast cancer, bladder cancer and hepatocellular carcinoma (2, 17–19). In the Landscapes, it was found that sarcoma had the highest gene alteration frequency of TMSB10 in pan-cancer and we analyzed the expression of TMSB10 in different gene mutations in sarcomas, the result showed that Diploid and Shallow Deletion were two of the highest incidence of mutation types.

Then, we analyzed the clinical prognostic with the expression level of TMSB10 in 33 cancers. Our results showed that TMSB10 was highly correlated with the prognosis of multiple cancers. High expression of TMSB10 could predict a poor prognosis in 19 cancers, and low expression of TMSB10 could predict a positive prognosis in 5 cancers. Our results also showed that downregulation of TMSB10 expression could prolong the OS of 9 tumors, and upregulation of TMSB10 expression could shorten the OS in 1 tumor. Upregulation of TMSB10 is involved in a variety of signaling pathways related to tumor invasion and metastasis, leading to unsatisfied survival rate of patients. Therefore, we suppose that TMSB10 has an important value in predicting the prognosis of many cancers.

In recent years, tumor microenvironment has received more and more attention because it plays a key role in tumor immune escape, distant metastasis, treatment resistance and targeted therapy response (20, 21). We explored the relationship between tumor microenvironment and TMSB10 expression in pan-cancer. The GSVA results showed that TMSB10 expression closely related to immune and inflammation-related pathways in many tumors and positively correlated with EMT in a variety of tumors, and TMSB10 was positively correlated with the level of immune cell infiltration in a variety of tumors, especially in KICH、UVM、LGG and LIHC. TMSB10 was positively correlated with the infiltration levels of various immune cells, such as T cells, B cells, CD8+T cells, endothelial cells (Endo), and eosinophils (Eos). These results suggested that TMSB10 is associated with tumor immune microenvironment.

Next, we hope to know the relationship between TMSB10 expression and immunoregulatory genes. Our results showed that upregulate TMSB10 expression was related with immune activation genes in 7 tumors, and upregulate TMSB10 expression was related with immune inhibition genes in 9 tumors. In addition, TMSB10 as a “dual-role” is related to both immune activation gene and immune inhibition genes in KICH, THCA and LGG. Our results showed that TMSB10 expression was positively correlated with the expression of multiple chemokines and their receptors in THCA, UVM and KICH. We used the TMB and MIS to predict the relationship between TMSB10 and the efficacy of immunotherapy. The results showed that the expression of TMSB10 in COAD, KIRP, STAD, SKCM, BLCA and BRCA was positively correlated with TMB, and negatively correlated in DLBC, LIHC and CESC. And the expression of TMSB10 was positively correlated with MSI in HNSC, STAD, THCA, COAD, PRAD and BRCA, and negatively correlated in CHOL, CESC, LUAD, and UVM. In addition, we found that TMSB10 could effectively predicted the effect of anti-PDL1, anti-CTLA4 and anti-TIGIT immunotherapy in KIRC KICH, and MESO, and the expression of TMSB10 is positively correlated with immune cell infiltration. To validate our findings, we performed the experiments in vitro and found low expression of TMSB10 inhibited clonogenic formation ability, invasion, and migration in glioma cells. Furthermore, TMSB10 may involve glioma immune regulation progression by promoting PD-L1 expression levels via activating STAT3 signaling pathway in glioma cells. Therefore, we hypothesized that TMSB10 could be an effective biomarker to predict the efficacy of immune checkpoint inhibitors in pan-cancer.

Finally, we verified the expression of TMSB10 could reflect immunotherapy and chemotherapy responses in some tumors, especially in KIRC, KICH and MESO. Our results showed that the efficacy of anti-PD-L1 in the TMSB10 high expression group was worse than that in the low expression group in KIRC and KICH, and the OS and PFS in the TMSB10 high expression group were also lower. However, in the GSE78220 cohort, although the efficacy of anti-PD-L1 therapy was worse in the TMSB10 high expression group, there was no significant effect on OS. We further found that the expression of TMSB10 has a closely relationship with chemotherapy resistance and sensitivity.

Previous study also explored the function roles of TMSB10 in pan-cancer (22). Both previous and our study had bioinformatics analyses and experiment validations. However, there are remarkedly differences between previous study and our study. For bioinformatics analyses, previous study only presented the pan-cancer expression pattern and biological and immunomodulatory function of TMSB10, and most of results focus on glioma. But our study included prognosis analyses, pathway enrichment, tumor microenvironment and immune infiltration, immune checkpoints, immune activation genes, immune inhibition genes, chemokines and their receptor genes, tumor mutation burden, and microsatellite instability in pan-cancer. We also explored the effect of TMSB10 on immunotherapy in real world cohort data. We showed a huge landscape in pan-cancer, which is completely different from previous study. For experiments validation, we admitted that previous study presented more details, but we have different findings for TMSB10 in glioma. Previous study explored the TMSB10 promoted glioma progression via YAP1/AKT/ERK1/2, but we explored the TMSB10 promoted glioma progression via IL6/JAK/STAT3 signaling pathway. But we both proved that TMSB10 can be a potential immunotherapy target point in glioma. Gene regulation is a complex process, and we provide a different view and enriched the molecular mechanism in glioma.

There are several limitations to our study. First, the association with protein levels needs to be tested in vivo. Second, validation can be performed with other public datasets to further support our current findings. Third, anti-tumor activity can be measured by targeting TMSB10, and the role of TMSB10 in immune checkpoints and its effect on chemotherapy sensitivity can be validated in conjunction with more clinical trials.

In conclusion, we performed a comprehensive evaluation of TMSB10, revealing its potential role as a prognostic indicator for patients in immunomodulatory and therapeutic efficacy. TMSB10 may become a novel target for tumor immunotherapy and chemotherapy.
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Background

Fibroblast activation protein (FAP) is a cell-surface serine protease that has both dipeptidyl peptidase as well as endopeptidase activities and could cleave substrates at post-proline bond. Previous findings showed that FAP was hard to be detected in normal tissues but significantly up-regulated in remodeling sites like fibrosis, atherosclerosis, arthritis and embryonic tissues. Though increasing evidence has demonstrated the importance of FAP in cancer progression, no multifactorial analysis has been developed to investigate its function in gastrointestinal cancers until now.





Methods

By comprehensive use of datasets from The Cancer Genome Atlas (TCGA), Clinical Proteomic Tumor Analysis Consortium (CPTAC), scTIME Portal and Human Protein Atlas (HPA), we evaluated the carcinogenesis potential of FAP in gastrointestinal cancers, analyzing the correlation between FAP and poor outcomes, immunology in liver, colon, pancreas as well as stomach cancers. Then liver cancer was selected as example to experimentally validate the pro-tumor and immune regulative role of FAP in gastrointestinal cancers.





Results

FAP was abundantly expressed in gastrointestinal cancers, such as LIHC, COAD, PAAD and STAD. Functional analysis indicated that the highly-expressed FAP in these cancers could affect extracellular matrix organization process and interacted with genes like COL1A1, COL1A2, COL3A1 and POSTN. In addition, it was also observed that FAP was positively correlated to M2 macrophages infiltration across these cancers. To verify these findings in vitro, we used LIHC as example and over-expressed FAP in human hepatic stellate LX2 cells, a main cell type that produce FAP in tumor tissues, and then investigate its role on LIHC cells as well as macrophages. Results showed that the medium from FAP-over-expressed LX2 cells could significantly promote the motility of MHCC97H and SK-Hep1 LIHC cells, increase the invasion of THP-1 macrophages and induce them into pro-tumor M2 phenotype.





Conclusion

In summary, we employed bioinformatic tools and experiments to perform a comprehensive analysis about FAP. Up-regulation of FAP in gastrointestinal cancers was primarily expressed in fibroblasts and contributes to tumor cells motility, macrophages infiltration and M2 polarization, revealing the multifactorial role of FAP in gastrointestinal cancers progression.
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Introduction

Gastrointestinal cancers refer to tumors in esophagus, stomach, colon, liver as well as pancreas, currently regarded as one of the most leading cause of cancer death and the major obstruction in cancer treatment (1, 2). Numerous evidences have demonstrated the key role of immune microenvironment in the occurrence and development of gastrointestinal cancers (3), however, the regulatory mechanisms need further exploration. With continuous development and improvement of bioinformatic tools, it is possible to reveal the significance and correlation of specific genes in immune microenvironment regulation, providing an opportunity to evaluate the potential of these genes as novel prognosis markers and treatment target across gastrointestinal cancers (4).

Fibroblast activation protein (FAP) is a constitutively active serine peptidase with both dipeptidyl peptidase and collagenase activity (5). Previous findings revealed that FAP was rare to be detected in healthy tissues, notably, FAP had a high expression trend in some kinds of malignant tumors, such as breast cancer, colorectal cancer and pancreatic cancer (6–10). High expression of FAP in these cancers was reported to estimate worse outcomes in patients and involved in tumor progression via diverse mechanisms. For instance, FAP was found able to promote migration and invasion of cancer cells by binding to ENO1 and activating NF-κB signaling pathway in colorectal adenocarcinoma (COAD) (11). In stomach adenocarcinoma (STAD), high FAP expression in tumor tissues is always accompanied by increased micro-vessel density (12), while after FAP knock-out or pharmacological inhibition, tumor growth and microvascular density could be decreased (13), suggesting that FAP was involved in angiogenesis as well. The effect of FAP in tumor immune system was not investigated until recent years. In a mouse model of pancreatic adenocarcinoma (PAAD), Feig C and colleagues found that the depletion of FAP positive cells contributed to improved anti-CTLA-4 or anti-PD-L1 immunotherapy efficacy, revealing the immune suppressive effect of FAP in cancers (14). Similar findings were also observed in mouse model of COAD and STAD, results showed that co-injection of cancer cells and FAP positive cells led to anti-PD-1 treatment resistance in mice (15, 16). Though these findings suggested a significant role of FAP in gastrointestinal cancers progression, a multifactorial and comprehensive analysis is still needed.

Our current study utilized bioinformatic methods to give a description on the functions of FAP across gastrointestinal cancers and then verified these findings by in vitro experiments. Results showed that FAP was up-regulated in gastrointestinal cancers and involved in tumor cell mobility, macrophages infiltration as well as M2 polarization process. The study not only revealed the multifactorial role of FAP in gastrointestinal cancer progression but also provided the first evidence that M2 macrophages played dominant roles underlying FAP immune-suppressive effects, revealing a novel target for future treatment options.





Materials and methods




Gene expression analysis

Data collected from the Cancer Genome Atlas (TCGA) were used to visualize the mRNA expression level of FAP in various human cancers and their normal counterparts. Furthermore, the TISBID website was used to examine the expression of FAP mRNA and the grading of tumors. The relationship between FAP mRNA expression in the normal, tumor and metastasis site was evaluated using TNMplot online server.





Protein expression and immunohistochemistry staining

In order to investigate the expression of FAP protein in different human tumors and their normal counterparts, the UALCAN program was used. UALCAN developed protein expression analysis using data collected from the Clinical Proteomic Tumor Analysis Consortium (CPTAC). The IHC staining images of FAP in different tumor tissues and normal tissues were obtained from HPA (Human Protein Atlas) dataset.

For IHC staining of LIHC tissues from patients, antigens were retrieved by sodium citrate for 10 min. Later the sections were incubated with 5% BSA at room temperature for 1 h to get rid of unspecific bindings. Primary antibodies were diluted with PBS and an overnight incubation was conducted at 4 °C. Following primary antibodies, the sections were washed and incubated by secondary antibodies for 1 h the next day. Afterwards, color reaction was carried out using DAB kit. All images were captured using an optical microscope.





Survival prognosis and ROC diagnosis analysis

Sangerbox webserver was utilized to evaluate the survival outcomes of FAP in different human cancers. To explore the diagnosis value of FAP in various cancers, the pROC R package was used for statistical analysis and ggplot2 R package was used to create the receiver operating characteristic (ROC) curve. ROC curves of FAP with Area Under the Curve (AUC) more than 0.7 was regarded as high diagnostic values in different types of human cancers.





FAP methylation analysis

DNA methylation is a kind of DNA chemical modification and behaves as an essential regulator of gene transcription. FAP DNA methylation analysis using data collected from TCGA database was conducted using UALCAN. Analysis of the correlation between FAP expression and gene promoter methylation was developed for each type of cancer.





Protein-protein interaction and functional enrichment analysis

FAP co-expression data was downloaded from TCGA dataset. |log2FC| > 1.5, adj p < 0.05 was used as a standard to obtain FAP-correlating genes. These genes were enriched by Gene Ontology (GO) [including biological processes (BP), cellular components (CC), and molecular function (MF)] and KEGG pathway analyses. Then the STRING website was used to acquire top 20 FAP-interacting genes. Vein diagram was used to conduct analysis to compare FAP-correlating and interacting genes in different human cancers. The “Gene_Corr” module of Timer2.0 was used to generate heatmap or correlation curve of FAP-correlating and interacting genes, which contains partial correlation and p value.





Immune reactivity analysis

Estimation of Immune Cells in Malignant Tumor Tissues Using Expression Data (ESTIMATE) is a method to investigate the degree of stroma or immune cell infiltration into tumors according to existing gene expression data. The ESTIMATE was used to estimate immune scores for each tumor. The correlation between FAP expression and immune cell infiltration was calculated using MCPcounter by Sangerbox webserver. In addition, the relationship between FAP and immune check-point, tumor mutation burden (TMB) and microsatellite instability (MSI) was also evaluated using SangerBox webserver.





Single-cell sequencing analysis

The expression of FAP, MRC1 and NOS2 in different cellular component of tumor was obtained and analyzed using scTIME Portal online server. The species and cancer type were first tabbed to select a dataset. Then the gene name was inserted to visualize FAP, MRC1 and NOS2 expression in different cells in malignant tumor. The interactions among fibroblasts, tumor cells and macrophages were also obtained and analyzed using CellphoneDB analysis via scTIME Portal online server.





Cell lines and cell culture

The human hepatic stellate LX2 cell line, liver cancer MHCC97H and SK-Hep1 cell line, monocyte THP-1 cell line was purchased from Stem Cell Bank, Chinese Academy of Sciences. All cells were cultured at 5% CO2 and 37°C in DMEM or RPMI-1640 medium and routinely examined to exclude mycoplasma contamination by Genetic Testing Biotechnology Corporation (Suzhou, China).





Cell transfection and cell stimulation

FAP plasmid and its corresponding control plasmid were designed and constructed. During transfection, lipofectamine 3000 reagent was used according to the manufacturer’s protocol. The culture medium was collected 48 h after transfection and then filtered to remove cellular debris. The culture medium was then transferred to MHCC97H and SK-Hep1 liver cancer cells as well as PMA-treated THP-1 cells. The migration and invasion of cancer cells were detected using wound healing assay and transwell assay. The polarization state of THP-1 cells was detected by qRT-PCR.





Wound healing and transwell assay

For wound healing assay, the MHCC97H and SK-Hep1 cells were planted in 6-well plates at a density of 4×10^5, scratches were made in the middle of the well. The cells were treated with conditioned medium collected from LX2 cells for 48 h, then the wound closure was measured.

For transwell assay, 1.5×10^4 cells were treated with serum-free medium and inoculated in the upper chamber. The LX2 cells were planted in the lower chamber and treated with complete medium. After 24 h culture, cells that migrated across the membrane were stained using 1% crystal violet and photographed.





Quantitative reverse-transcriptase PCR analysis and western blotting

Total RNA was extracted from LX2 and THP-1 cells using TRIzol reagent and 1 μg total RNA was then reverse-transcribed. Quantitative reverse-transcriptase PCR was conducted using a reaction mix of SYBR Green and the relative expression of target genes was compared using ΔΔCt method and GAPDH served as the endogenous gene.

Total protein was lysed from cells by RIPA lysis buffer added with protease inhibitor. Protein concentration was measured using the BCA Protein Assay Kit. SDS-PAGE was used to separate the proteins and PVDF membrane was used to transfer the proteins. 5% skim milk was used to block unspecific bindings at room temperature for 1 h and then primary antibodies were used to incubate the membrane. After overnight incubation, the membrane was washed and incubated with secondary antibodies. Finally, the protein bands were visualized by chemiluminescence system.





Statistical analysis

The experimental data were presented as mean ± S.E.M. and analyzed using Graphpad Prism 7.0 software. The difference between two groups were analyzed using Student’s t test. p < 0.05 was considered as significant.






Results




FAP is abnormally up-regulated and correlated to poor prognosis in gastrointestinal cancers

First, TCGA dataset was used to examine the expression of FAP mRNA in tumors and adjacent normal tissues. According to our findings, FAP mRNA was increased in most of the tumors (22/31) (Supplementary Figure 1A). Notably, we noticed that FAP mRNA was commonly increased in gastrointestinal cancers such as LIHC, COAD, PAAD and STAD, which attracted our attention (Figure 1A). In this regard, we further analyzed the expression of FAP at protein level in these gastrointestinal tumors using the National Cancer Institute’s CPTAC dataset. Results indicated that the expression of FAP protein was significantly up-regulated in LIHC, COAD, PAAD as compared to their normal counterparts, which was also validated by IHC staining pictures acquired from the Human Protein Atlas (HPA) dataset. The protein expression data of FAP in STAD was not found using CPTAC, higher FAP protein expression was still observed in the IHC staining pictures (Figures 1B, C). Then we intended to investigate whether the up-regulation of FAP in tumor tissues correlated to DNA methylation of FAP promotor using UALCAN online tool. Beta value ranging from 0 (unmethylated) to 1 (fully methylated) in Figure 1D indicates the level of DNA methylation, 0.5 to 0.7 indicates hypermethylated, while hypomethylated when the value ranging from 0.25 to 0.3. Our results suggested that the methylation of FAP promotor was significantly lower in LIHC, COAD and PAAD as compared to normal tissues. Though the data showed that DNA methylation at FAP promotor in STAD is unaffected, we speculated that this may be due to limited case numbers since there is still a downregulated tendency (Figure 1D).




Figure 1 | FAP up-regulation by DNA methylation in gastrointestinal cancers. (A) Expression of FAP mRNA in gastrointestinal cancers. (B, C) Expression of FAP protein in gastrointestinal cancers versus normal tissues (left side), and IHC staining for normal tissue (middle) and tumors (right side) from HPA database. (D) Differential expression of FAP promotor methylation in gastrointestinal tumors versus normal tissues. ***p < 0.001.



Then TNM plot online server was used to compare expression of FAP mRNA in normal, tumor and metastasis sites. Results indicated that FAP mRNA was significantly up-regulated in tumors of liver, colon, pancreas as compared to normal tissues. Furthermore, this pattern would maintain between the metastatic and cancerous sites in colon (Supplementary Figure 1B). Subsequently, we tried to figure out the association between FAP mRNA and cancer stages. By TISDIB online web server, we found that FAP was positively correlated to the disease stage of COAD as well as PAAD (Supplementary Figure 1C). Moreover, FAP could affect the survival probability of gastrointestinal cancer patients and has high diagnostic accuracy in the model of ROC analysis for the cancers (Supplementary Figures 2, 3).





FAP is correlated to extracellular matrix organization in gastrointestinal cancers

Afterwards, it is essential to investigate the functions of FAP across different gastrointestinal cancers. FAP-correlating proteins with |log2FC| > 1.5, adj p < 0.05 were obtained from TCGA datasets. Totally 872, 822, 245 and 312 genes were identified correlated to FAP in LIHC, COAD, PAAD and STAD, respectively (Figure 2A). To further investigate the functional significance of FAP in these cancers, FAP-correlating proteins obtained from different cancers were reanalyzed using Gene Ontology (GO) enrichment analysis. Results showed that FAP may be closely associated with extracellular matrix or structure organization process across all these four tumors (Figures 2B–F). Undoubtedly, the data also suggested that FAP was involved in specific functions of certain tumor, for instance, FAP is also associated with digestion function in PAAD (Figure 2E).




Figure 2 | GO and KEGG analysis of FAP in different gastrointestinal cancers. (A) FAP-correlating genes in different gastrointestinal cancers. (B) GO and KEGG functional annotations. GO and KEGG analysis of FAP in (C) LIHC. (D) COAD. (E) PAAD. (F) STAD.



Then vein diagram identified totally 26 genes that were commonly correlated to FAP expression across these four tumors (Figure 3A). At the meanwhile, top 20 FAP-interacting genes were extracted from STRING database and displayed as a protein-protein interaction network (Figure 3B). After comparing proteins from these two lists, 4 genes including COL1A1, COL1A2, COL3A1 and POSTN were identified both correlated and interacted with FAP in gastrointestinal cancers (Figure 3C). A heatmap created by Timer2.0 then validated significant positive correlation between these four genes and FAP (Figure 3D). Besides, we also used Timer2.0 to obtain correlation analysis plots of all these 4 genes with FAP (Figure 3E): COL1A1 (R = 0.72), COL1A2 (R = 0.79), COL3A1 (R = 0.75) and POSTN (R = 0.76).




Figure 3 | FAP-associated protein network interactions in different gastrointestinal cancers. (A) FAP-correlating proteins in different gastrointestinal cancers. (B) A map of top 20 FAP-interacting proteins analyzed by STRING database. (C) Vein diagram showing overlap between FAP-correlating and interacting proteins in different human cancers. (D) Heatmap showing both FAP-correlating and interacting proteins in tumor tissues. (E) Expression correlation analysis between FAP and FAP-correlating and interacting proteins in tumor tissues.







FAP is correlated to M2 macrophage infiltration in gastrointestinal cancers

Since extracellular matrix organization process plays crucial roles in building the immune-suppressive tumor microenvironment (TME) (17), then we tried to figure out whether FAP was involved in the immune-regulatory process. We utilized the ESTIMATE algorithm to calculate the correlation between FAP expression and immune scores. Results showed that FAP was positively correlated to immune scores in LIHC, COAD, PAAD and STAD (Figure 4A). In addition, significant correlation between FAP and immune check-points, MSI and TMB also suggested that FAP was involved in cancer immunology (Supplementary Figures 4A–C). We then intended to examine the relationship between FAP and the infiltration of different immune cells using MCPcounter. Results indicated that FAP was significantly correlated to monocyte across all the four gastrointestinal cancers (Figure 4B). Monocytes are the main source of macrophages and FAP was found positively correlated to the infiltration of macrophages across all these cancers (Figure 4C), suggesting that FAP may be involved in cancer immunology by regulating macrophages functions.




Figure 4 | Correlation between FAP and M2 macrophages infiltration in gastrointestinal cancers. (A) Correlation between FAP expression and immune scores across gastrointestinal cancers. (B) Analysis of immune cell infiltration correlated to FAP expression across gastrointestinal cancers. (C) Scatter plots showing the correlation between FAP expression and macrophage infiltration in gastrointestinal cancers. (D) Scatter plots showing the correlation between FAP expression and M2 macrophage marker MRC1 in gastrointestinal cancers.



As is known, macrophages are a kind of immune cells that could exert opposite effects depending on their polarization phenotypes, with M1 suppressive while M2 promotive on tumor progression. The M1 macrophages usually expressed markers like NOS2 (iNOS), TNF, IL1B, while M2 expressed MRC1 (CD206), Arg-1, IL-10 and so on. By single-cell sequencing analysis, we found that MRC1 was highly and primarily expressed in macrophages across these four gastrointestinal cancers (Supplementary Figures 5A–D). Gene correlation analysis indicated a positive correlation between the expression of FAP and MRC1 in the gastrointestinal cancers (Figure 4D), suggesting that FAP was possibly involved in M2 macrophage infiltration in gastrointestinal cancers.





FAP is primarily expressed in fibroblasts in gastrointestinal cancers

It has been reported that the four FAP-correlating and interacting genes were mainly expressed in fibroblasts of tumors (18, 19), then we intended to investigate whether FAP was also expressed in fibroblasts in gastrointestinal cancers. By using scTIME Portal online server for single-cell sequencing analysis. We found that FAP was exclusively expressed in fibroblasts as well as cancer associated fibroblasts (CAFs) in LIHC (GSE125449) (Figure 5A). Similarly, same conclusions were obtained from single-cell sequencing analysis of COAD (GSE146771), PAAD (cra001160) as well as STAD (phs001818.v1.p1) (Figures 5B–D). By further analysis using CellphoneDB analysis, we found there are strong interactions between fibroblasts and tumor cells as well as macrophages in gastrointestinal cancer tissues (Supplementary Figures 6A–D). These results indicated that FAP was primarily expressed in fibroblasts and its role on tumor progression was achieved via affecting the interaction between fibroblasts, tumor cells and macrophages.




Figure 5 | Single-cell sequencing analysis of FAP expression in gastrointestinal cancers. (A) LIHC. (B) COAD. (C) PAAD. (D) STAD.







FAP-over-expressed fibroblasts promoted cancer cell motility in LIHC

First, we investigated the role of FAP in fibroblasts on tumor cells in vitro. LIHC is one of the gastrointestinal cancers that influenced by FAP, we overexpressed FAP in human hepatic stellate LX2 cell line, the key source of fibroblast in LIHC and then collected the cell medium 48 h later (Figures 6A, B). The medium was used to treat liver cancer MHCC97H and SK-Hep1 cells for 48 h or 24 h, tumor cell migration and invasion was examined using wound healing test as well as the transwell invasion assay (Figure 6C). Results showed that the conditioned medium from FAP-over-expressed LX2 cells could significantly promote the cell invasion and migration rate of both MHCC97H and Sk-Hep1 cells as compared to NC group (Figures 6D, E), suggesting that FAP in fibroblast is involved in tumor cell motility process in LIHC.




Figure 6 | Experimental validation of relationship between FAP expression and tumor cell motility in LIHC. (A, B) FAP expression after FAP overexpression in human hepatic stellate LX2 cell line. (C) Experimental diagram. (D) Wound healing assay investigating the effect of FAP on tumor cell migration. (E) Transwell assay investigating the effect of FAP on tumor cell invasion. ***p < 0.001. Scale bar = 200 μm.







FAP-over-expressed fibroblasts promoted macrophages infiltration and M2 polarization in LIHC

In LIHC, IHC staining suggested that more M2 macrophages were presented in tumor tissues of patients with high FAP expression (Figure 7A). In in vitro experiments, THP-1 monocyte was first treated by PMA for 48 h and then stimulated by the conditioned medium collected from LX2 cells (Figure 7B). The conditioned medium collected from FAP-over-expressed LX2 cells could significantly promote the invasion rate of THP-1 macrophages as compared to the NC group (Figures 7C, D). Then qRT-PCR was conducted to examine M1 or M2 macrophage marker alterations in THP-1 cells. Results showed that conditioned medium from FAP-over-expressed LX2 cells could decrease the expression of M1 markers like iNOS, TNF-α and IL-1β but increase the expression of M2 markers like IL-10 in macrophages as compared to NC group, transforming the macrophages into M2 pro-tumor phenotype (Figure 7E). These results indicated that FAP in fibroblasts is involved in macrophages infiltration and M2 polarization in LIHC




Figure 7 | Experimental validation of relationship between FAP expression and M2 macrophage polarization. (A) IHC staining of FAP, CD206 and iNOS in LIHC tissues. (B) Experimental diagram. (C, D) Transwell assay investigating the effect of FAP on macrophage invasion. (E) Transwell co-culturing system investigating the effect of FAP on M2 macrophage polarization. *p < 0.05, **p < 0.01, ***p < 0.001. Scale bar = 1 mm.



In summary, FAP is primarily expressed in fibroblasts of gastrointestinal cancers and promoted cancer progression via promoting tumor cell motility as well as macrophages infiltration and M2 polarization.






Discussion

FAP is a serine peptidase that share 70% of the sequence identity with the enzyme dipeptidyl-peptidase to facilitate extracellular matrix reorganization and promote tumor malignancies. The current study started with analyzing the mRNA level of FAP in a list of human cancers, where it was found that FAP mRNA was significantly up-regulated in 22 of 31 cancers. Interestingly, we found that FAP mRNA was consistently up-regulated in gastrointestinal cancers including LIHC, COAD, PAAD as well as STAD. Similar findings were observed at protein level via CPTAC and HPA dataset and the expression of FAP positively correlated with poor outcomes of gastrointestinal cancers. As gastrointestinal cancers are increasingly prevalent in the world and possibly account for 20% of cancer cases (20), we suspected that FAP could be a potential gastrointestinal cancer biomarker and instructive for future treatment options.

Previous evidence has already demonstrated a significant role of FAP in tumor progression through multiple mechanisms. For instance, the invasion and migration ability of cancer cells was significantly promoted after coculturing with FAP positive CAFs isolated from the stroma tissue of breast cancer patients (21). Inhibition of FAP via anti-FAP IgG1 antibody or knock-down by siRNA could reverse FAP-mediated migration and invasion promotion (22). Besides, FAP was also involved in angiogenesis of TME, depletion of FAP and dipeptidyl peptidase 4 (DPP4) in CAFs led to decease of vascularization in colorectal cancer, while such effect was not observed when DPP4 was depleted alone (23). In the present study, we found that FAP was generally involved in extracellular matrix organization process across all these four gastrointestinal cancers by analyzing FAP-correlated genes in LIHC, COAD, PAAD and STAD. After comparing the commonly correlated genes of FAP across gastrointestinal cancers with top 20 FAP-interacting genes extracted from STRING database, 4 genes including COL1A1, COL1A2, COL3A1 and POSTN were identified both correlated and interacted with FAP. It is noteworthy that all these 4 genes have been demonstrated to be involved in extracellular matrix organization process (18, 19), validating our previous findings.

Since extracellular matrix contributes to the construction of the immune microenvironment surrounding tumor cells (17, 24, 25), we found that FAP was positively correlated to immune scores across different gastrointestinal cancers by the ESTIMATE algorithm, suggesting that FAP is involved in cancer immune regulation. More importantly, we found that FAP was significantly correlated to macrophages infiltration across gastrointestinal cancers, suggesting that the immune-regulatory effect of FAP in gastrointestinal cancers is possibly mediated by macrophages. It is commonly accepted that macrophages can be classified into two phenotypes, the classically activated pro-inflammatory M1 phenotype as well as the alternatively activated anti-inflammatory M2 phenotype (26). In most cases, M1 phenotype of macrophages exhibited positive correlation to better prognosis and longer survival times of patients with cancer like lung cancer (27), colon cancer (28), breast cancer (29) and so on, while the M2 phenotype exhibited opposite roles. It is recorded that the majority of macrophages surrounding the tumor exhibited an M2 phenotype and can assist the tumor cells in proliferation, metastasis, angiogenesis, immune escape and drug resistance (30–32). By bioinformatic analysis, we found that FAP was positively correlated to the expression of M2 macrophages marker MRC1 across gastrointestinal cancers, suggesting that FAP may be involved in regulating M2 macrophages in these cancers.

Afterwards, we intended to validate the findings of FAP on macrophages by experiments. FAP was found primarily expressed in fibroblasts across these cancers by single-cell sequencing analysis, verified previous findings that FAP behaves as a marker of CAFs (33). Furthermore, strong interactions have been identified between fibroblasts and macrophages, suggesting that fibroblasts may be involved in regulating macrophages functions across gastrointestinal cancers. For instance, the fibroblasts-derived CSF-1, IL-6 and CCL2 has been found to promote macrophages infiltration and M2 phenotype polarization process in pancreas cancer (34). As for the effect of FAP in fibroblasts on macrophages functions, though FAP in fibroblasts have been demonstrated to be closely located with pro-tumor macrophages in tumor tissues and involved in macrophages migration process (12, 35), the role of FAP on macrophages functions has not been further investigated yet. In the present study, we over-expressed FAP in human hepatic stellate LX2 cells for 48 h and collected medium to treat macrophages. The results showed that medium from FAP-over-expressed LX2 cells could promote the invasion ability of macrophages and increase their transformation into M2-like phenotype, providing the first evidence that FAP is involved in macrophage M2 polarization in gastrointestinal cancers. Furthermore, we also investigated the effect of FAP in fibroblast on tumor cells. Results showed that medium from FAP-overexpressed LX2 cells could promote tumor cell migration as well as invasion process. Based on these results, we found that the up-regulation of FAP could promote gastrointestinal cancers progression through promoting tumor cell motility as well as macrophages infiltration and M2 polarization.

Although our study is not the first work to demonstrate the significant role of FAP in tumor, there is still some innovations. First, we are the first to give a comprehensive illustration of FAP across gastrointestinal tumors using bioinformatics methods and then validate significant findings using experimental methods. Second, our study laid the foundation for detailed studies of the correlation between FAP expression and diverse immune cell infiltrations, first revealing the role of FAP on inducing M2 macrophages polarization to promote tumor progression across gastrointestinal cancers. Regretful, these results were obtained only focusing on FAP that expressed in fibroblasts, though previous evidence has demonstrated that fibroblasts contribute to main source of FAP in tumor tissues, FAP could also be detected in other kinds of cells like tumor cells, endothelial cells, monocytes, lymphocytes at lower concentration (36, 37), in this regard, their effects in tumor progression cannot be neglected and required more experiments for analysis.

In conclusion, the present study provided the first multifactorial analysis of FAP in gastrointestinal cancers, revealing that the up-regulation of FAP in these cancers is correlated to tumor progression through promoting tumor cell motility as well as macrophages infiltration and M2 polarization. These findings may provide more evidence for FAP as gastrointestinal cancers treatment targets.
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Supplementary Figure 1 | Correlation between FAP expression and clinical outcome of gastrointestinal cancers. (A) Expression of FAP mRNA in pan-cancers. (B) Expression of FAP in normal, tumor and metastatic sites of gastrointestinal cancers. (C) Expression of FAP across different stages of gastrointestinal cancers. **p < 0.01, ***p < 0.001

Supplementary Figure 2 | Cox regression analysis of FAP in pan-cancers. (A) LIHC. (B) COAD. (C) PAAD. (D) STAD.

Supplementary Figure 3 | ROC curves indicating the AUC of FAP in gastrointestinal cancers. (A) LIHC. (B) COAD. (C) PAAD. (D) STAD.

Supplementary Figure 4 | Correlation between FAP and immune check-points, MSI and TMB. (A) immune check-points. (B) MSI. (C) TMB.

Supplementary Figure 5 | Single-cell sequencing analysis of NOS2 and MRC1 in gastrointestinal cancers. (E) LIHC. (F) COAD. (G) PAAD. (H) STAD.

Supplementary Figure 6 | Single-cell sequencing analysis of fibroblasts and macrophages interactions in gastrointestinal cancers. (A) LIHC. (B) COAD. (C) PAAD. (D) STAD.
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Background

The Four Jointed Box 1 (FJX1) gene has been implicated in the upregulation of various cancers, highlighting its crucial role in oncology and immunity. In order to better understand the biological function of FJX1 and identify new immunotherapy targets for cancer, we conducted a comprehensive analysis of this gene.





Methods

We analyzed the expression profiles and prognostic value of FJX1 using data from The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx). Copy number alterations (CNAs), mutations, and DNA methylation were analyzed through cBioPortal. The Immune Cell Abundance Identifier (ImmuCellAI) was used to examine the correlation between FJX1 expression and immune cell infiltration. The relationship between FJX1 expression and immune-related genes and immunosuppressive pathway-related genes was analyzed using The Tumor Immune Estimation Resource version 2 (TIMER2). Tumor mutational burden (TMB) and microsatellite instability (MSI) were obtained from TCGA pan-cancer data. The effect of immunotherapy and the IC50 were assessed using IMvigor210CoreBiologies and Genomics For Drug Sensitivity in Cancer (GDSC). Finally, we evaluated the impact of FJX1 on colon cancer cell proliferation and migration through in vitro functional experiments.





Results

Our study indicated that FJX1 expression was high in most cancers and was significantly associated with poor prognosis. High FJX1 expression was also linked to significant alterations in CNA, DNA methylation, TMB, and MSI. Positive correlations were found between FJX1 expression and tumor-associated macrophages (TAMs) and with immune-related genes such as TGFB1 and IL-10 and immunosuppressive pathway-related genes such as TGFB1 and WNT1. On the other hand, FJX1 expression showed a negative relationship with CD8+ T cells. Furthermore, high FJX1 expression led to reduced effectiveness of immunotherapy and drug resistance. In colon cancer cells, FJX1 knockdown was found to decrease cell proliferation and migration.





Conclusion

Our research findings demonstrate that FJX1 is a new prognostic factor with a significant role in tumor immunity. Our results highlight the importance of further exploring the potential of targeting FJX1 as a therapeutic strategy in cancer.





Keywords: pan-cancer, FJX1, prognosis, biomarker, immunotherapy





Introduction

Cancer is currently the leading cause of premature death and reduces life expectancy worldwide (1–3). Although traditional treatments have been developed, some patients may become resistant to them (4, 5). Immunotherapy is a promising treatment that can overcome drug resistance and target escape. With the help of public databases, researchers can identify novel immunotherapy targets and therapeutic strategies through pan-cancer analysis of gene expression (6–8).

One potential target for immunotherapy is four jointed box 1 (FJX1), which is closely related to various tumor pathways in other species (9–13). While its biological function and tumor pathogenesis in human cancer are not fully understood, studies have found that FJX1 is highly expressed in several types of cancer, including head and neck cancer, colon cancer, breast cancer, ovarian cancer, and lung cancer (14–18). Additionally, high FJX1 expression has been linked to poor survival in colon cancer and can regulate important proteins in cell cycle progression to enhance proliferation and invasion in nasopharyngeal carcinoma (19–21). Interestingly, a recent study found that FJX1-specific peptides can inhibit the proliferation of high FJX1 expression cancer cells and may serve as a potential immunotherapy for NPC patients (22). These findings suggest that FJX1 may be a candidate diagnostic and prognostic biological target and an immunotherapy target for cancers. Further research in this area may lead to the development of more effective treatments for cancer patients.

In this study, we conducted a comprehensive analysis of the relationship between FJX1 expression and various types of cancer using pan-cancer data from The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) databases. We also analyzed copy number alteration, mutation status, and DNA methylation of FJX1 using cBioPortal. In addition, we used Immune Cell Abundance Identifier (ImmuCellAI) to examine the correlation between FJX1 expression and immune cell infiltration.

Furthermore, we investigated the association between FJX1 expression and immune-related genes and immunosuppressive pathway-related genes using The Tumor Immune Estimation Resource version2 (TIMER2). We also assessed the tumor mutational burden (TMB) and microsatellite instability (MSI) using TCGA pan-cancer data. Additionally, we examined the immunotherapy effect and IC50 using IMvigor210CoreBiologies and Genomics For Drug Sensitivity in Cancer (GDSC). To validate our findings, we performed functional experiments in vitro to determine whether FJX1 promotes colon cancer cell proliferation and migration. We also co-cultured THP1 macrophages with HCT116-siFJX1. Our results indicated that FJX1 is a critical prognostic factor in various cancers and plays a crucial role in tumor immunity. We believe that the pan-cancer analysis of FJX1 can provide new insights into the development of novel therapeutic strategies for cancer treatment.





Materials and methods




FJX1 gene expression analysis

The “ggplot2” R package was used to investigate the FJX1 abnormal expression between 31 types of normal tissue and 33 types of cancer by GTEx (https://commonfund.nih.gov/GTEx) (23) and TCGA (https://portal.gdc.cancer.gov/). We conducted box plots to show the different FJX1 expression between cancerous tissues and paracancerous tissues and in different stages of pathology in numerous tumors, via “ggpubr” and “ggplot” R package, respectively. All the data of TCGA and GTEx for FJX1 were obtained from the UCSC XENA (https://xenabrowser.net/).





Analysis of genetic variation and gene set variation

Genetic variation characteristics of FJX1 were acquired via cBioPortal (https://www.cbioportal.org/) (24), including mutation type, structural variant, and CNA and DNA methylation. Meanwhile, the CNA and DNA methylation correlation with FJX1 mRNA expression were analyzed by the “ggplot2” R package. We explored the correlation between FJX1 and 50 star pathways in HALLMARK via “GSVA score” R package, and a heat map was made via the “ggplot2” R package.





Survival prognosis analysis

The FJX1 expression correlation with prognosis for patients were studied via overall survival (OS), disease-free interval (DFI), disease-specific survival (DSS), and progression-free interval (PFI). The HR and p-value were displayed via forest diagram. The FJX1 expression correlation with cancer survival were employed via Kaplan–Meier analysis, and the survival curves were manufactured by “survminer” and “survival” R packages.





Immune infiltration and immune modulator genes analysis

We used related metrics including immune score, stromal score, ESTIMATE sore, tumor purity, immune-related pathways, metastasis-related pathways, and DNA damage repair-related pathways to explore the FJX1 expression relation with tumor microenvironment in pan-cancer. Meanwhile, we analyzed the FJX1 expression correlation with immune infiltrating cells in various tumors via ImmuCellAI (http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/) (25). Additionally, we used TIMER2 (http://timer.comp-genomics.org/) (26) to explore the FJX1 expression connection with TMB, MSI, immune-suppressive pathway-related genes, and immune-related genes. The results were all displayed by heat maps made by the “ggplot2” R package.





Immunotherapy analysis

The immunotherapy datasets were obtained from IMvigor210CoreBiologies (http://research-pub.gene.com/IMvigor210CoreBiologies/packageVersions/) to analyze the FJX1 expression relationship with immunotherapy efficacy and overall survival of patients.





Connection between FJX1 and IC50

The connections between FJX1 expression and IC50 of 198 types of drug were analyzed by using the data from GDSC (https://www.cancerrxgene.org/). The first six drugs with positive correlation were selected and used the “ggplot2” R package to make line chart.





Cell culture and treatment

Colon cancer cells from human (HCT116 and SW480) and THP1 were obtained from American Type Culture Collection (ATCC, Manassas, VA, USA). HCT116 and SW480 were cultivated in DMEM (Gbico & Trade,China), and THP1 were cultivated in RPMI-1640 (Gbico & Trade, China). We added 10% fetal bovine serum (FBS, ExCell Bio) in media to feed the cells and incubated the cells in an incubator containing 5% CO2 at 37°C. For transient transfection, colon cancer cells were transfected with FJX1-siRNA and FJX1-NCRNA using Lipo8000 (Beyotime, Shanghai, China) and DMEM (Gbico & Trade, China), following the manufacturer’s instructions. After 48 h, the real-time quantitative PCR (q-PCR) and Western blot (WB) were used to verify transfection efficiency (FJX1-siRNA 5′-GCACUGUAAGG CCAAGUACTT-3′; FJX1-NCRNA 5′-TTCTCCGAACGTGTCACGT-3). For co-culture, we cultivated THP-1 (5×105) in a 12-well plate and added 200 ng/ml phorbol-12-myristate-13-acetate (PMA) (MedChemExpress, NJ, USA) for 24 h to differentiate into adhered macrophages and used an inverted microscope to record macrophages morphology. Pretreated colon cancer cells (2×105) were seeded in a chamber (0.4 μm pore, Corning, USA), then transferred to the 12-well plate planted with adhered macrophages, and recorded macrophages morphology again after co-culturing for another 24 h. CD80, CD86, and CD163 expressed on co-cultured macrophages were detected by qPCR.





Cell proliferation assay

The pretreated colon cancer cells were planted into a 96-well plate (1 × 103 cells/well). CCK-8 reagent (Yeasen Bio, shanghai, China) was co-incubated with the cells after 24, 48, 72, 96, and 120 h, respectively, according to the manufacturer’s instruction. OD450 values were determined via a microplate reader.





Transwell migration assay

We prepared the pretreated colon cancer cells. Complete medium (600 μl) was added in the bottom of a 24-well plate; meanwhile, transwell chambers (0.8 μm pore, Corning, USA) were put in the 24-well plate. A total of 200 μl cell suspension (5×104 cells/well) with serum-free medium was planted in transwell chambers. After incubation for 48 h, we used 4% paraformaldehyde to immobilize the cells and 0.1% crystal violet solution for dyeing, then seriously removed the cells in the upper membrane of the chamber with cotton swabs. An upright microscope was used to photograph, and Image J was used to dealt with the results.





Wound healing assay

The pretreated colon cancer cells (1 × 105 cells/well) were seeded into 12-well plate until the cells reached 95% confluence. We used a pipette tip to gain a cross scratch and washed the cells three times with phosphate-buffered saline (PBS). Serum medium (3%) was utilized to cultivate the cells, and the inverted microscope was applied to photograph at 0 and 48 h. The scratch areas were assessed via ImageJ.





Real-time quantitative PCR

Total RNA of colon cancer cells and macrophages was extracted by the TRIzol reagent (Leagene, Beijing, China), and EVO M-MLV RT Premix (Accurate Bio, Hunan, China) was used to perform reverse transcription to obtain objective cDNA. FJX1, TGB1, IL10, CD80, CD86, and CD163 expressions were detected by SYBR Green PCR Master Mix (GenStar, Beijing, China). GAPDH was a control reference, and the classical 2−ΔΔCt method was applied to calculate the relative expression. Primers are detailed in the attachment.





Western blot analysis

FJX1 proteins were extracted from the cells through standard protocols, separated by sodium dodecyl sulfate (SDS)-polyacrylamide gel electrophoresis, and performed Western blot analyses. The chemi-luminescence method was used to detect protein bands. Primary antibody against FJX1 (1:1,000, ABclconal, Wuhan, China) was used. GAPDH (1:10,000, ABclconal, Wuhan, China) was used as a control. The secondary antibodies were anti-rabbit (1:10,000, ABclconal, Wuhan, China) and anti-rat (1:10,000, ABclconal, Wuhan, China).





Statistical analysis

The correlation coefficients are all Pearson, but the Spearman coefficient is used in the correlation analysis of IC50. All experimental data analysis and picture production were done through GraphPad Prism 9.0. Statistical analyses were performed with Student’s t-test. Each experiment was repeated three times. All p < 0.05 was considered statistically significant.






Results




FJX1 expression status analysis in pan-cancer

The FJX1 expression of cancer tissues correlation with normal tissues were explored by TCGA and GTEx. The FJX1 expression in cancer tissues was significantly higher than in normal tissues, including the adrenocortical carcinoma (ACC), bladder urothelial carcinoma (BLCA), breast invasive carcinoma (BRCA), cholangiocarcinoma (CHOL), COAD, lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), esophageal carcinoma (ESCA), glioblastoma (GBM), head and neck squamous cell carcinoma (HNSC), brain lower grade glioma (LGG), kidney renal clear cell carcinoma (KIRC), kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung squamous cell carcinoma (LUSC), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), rectum adenocarcinoma (READ), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), testicular germ cell tumors (TGCT), thymoma (THYM), uterine corpus endometrial carcinoma (UCEC), and uterine carcinosarcoma (UCS). On the contrary, the FJX1 expression in cancer tissues was lower significantly, compared with normal tissues, including the kidney chromophobe (KICH), acute myeloid leukemia (LAML), lung adenocarcinoma (LUAD), prostate adenocarcinoma (PRAD), and skin cutaneous melanoma (SKCM) (Figure 1A). Simultaneously, the radar charts displayed that the mean FJX1 expression in cancers was 7.3, while the mean FJX1 expression in normal tissues was 4.97 (Figures 1B, C). Additionally, we analyzed the FJX1 expression in cancer and para-cancerous tissues. In BLCA, BRCA, CHOL, COAD, ESCA, HNSC,SARC, KIRC, KIRP, LIHC, STAD, and THCA, the FJX1 expression in cancer was significantly higher than in paracancerous tissues. Inversely, FJX1 expression in cancer was lower than in paracancerous tissues only in KICH (Supplementary Figure S1A). We also investigated the FJX1 expression levels in different clinical stages. The FJX1 expression increased with tumor stage in ACC, COAD, ESCA, KIRP, LUAD, and UVM (Supplementary Figure S1B). All the investigations indicated that FJX1 expression was significantly upregulated in most cancers and associated with tumor stage.




Figure 1 | FJX1 expression levels vary in different cancers. (A) Profiles of FJX1 levels between tumors and normal tissues. (B) Expression of FJX1 in 33 types of cancer (TCGA). (C) Expression of FJX1 in 31 types of normal tissue (GTEx). The box plots and radar charts were made by “ggplot2” and “ggradar” R package, respectively. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. ns, not significant.







FJX1 CNA and DNA methylation analysis in pan-cancer

The FJX1 gene alterations data were obtained from the cBioPortal, which suggested that the highest alteration frequency of FJX1 was more than 4% and the “amplification” was the primary genetic alteration type in stomach adenocarcinoma. Among the different types of genetic, variation, “mutation” had the highest expression in stomach adenocarcinoma, “amplification” had the highest expression in esophageal adenocarcinoma, and “deep deletion” had the highest expression in prostate adenocarcinoma (Figure 2A). Additionally, we also explored the correlation of FJX1 mRNA expression with CNA and DNA methylation. CNA and FJX1 mRNA expressions were positively correlated in 17 types of cancer, including HNSC, OV, SARC, DLBC, LUSC, GBM, THYM, BLCA, READ, BRCA, SKCM, TGCT, ESCA, LGG, LIHC, LUAD, and STAD (Figure 2B), Meanwhile, the DNA methylation and FJX1 mRNA expression were negatively correlated in 21 types of cancers, including THCA, CESC, LUSC, UCEC, LUAD, LIHC, LGG, HNSC, TGCT, COAD, MESD, UVM, ACC, STAD, SKCM, PRAD, BRCA, DLBC, THYM, SARC, and ESCA (Figure 2C).




Figure 2 | CNA and DNA methylation of FJX1 in pan-cancer. (A) The structural variant, mutation, and CNA status of FJX1 in TCGA tumors (cBioportal). (B) Correlation between CNA and FJX1 mRNA expression. Red color represents significant results (p < 0.05). (C) Correlation between DNA methylation and FJX1 mRNA expression. Blue color represents significant results (p < 0.05). CNA, copy number alteration.







FJX1 prognostic value analysis in pan-cancer

A univariate Cox regression model was employed to analyze the FJX1 expression correlation with OS, DSS, DFI, and PFI in multiple cancers. For OS, high FJX1 expression was significantly linked to worse OS in LUAD, MESO, UVM, KIRP, COAD, STAD, HNSC, BLCA, and ACC (Figure 3A). For DSS, low FJX1 expression had a high DSS rate in patients with KIRP, COAD, MESO, UVM, LUAD, HNSC, STAD, and BLCA (Figure 3B). For DFI, in KIRP, PAAD, PRAD, UCS, ESCA, and MESO, lower DFI was significantly related with high FJX1 expression (Figure 3C). For PFI, high FJX1 expression was significantly related to lower PFI in KIRP, UVM, COAD, PRAD, PAAD, LUAD, GBM, and TGCT (Figure 3D). However, in OV, low FJX1 expression implied better OS, DFI, PFI, and DSS (p<0.05, Figure 3). Moreover, the survival curve displayed that high FJX1 expression indicated worse overall survival time in 16 types of cancer (Supplementary Figure S2). All the results displayed that FJX1 was a potential novel prognostic biomarker.




Figure 3 | Association between the FJX1 expression and prognostic value in pan-cancer. (A–D) The forest plots showing the correlation between FJX1 expression and OS, DSS, DFI, and PFI in TCGA cancers. Red color represents significant results (p < 0.05).







Gene set variation analysis of FJX1 in pan-cancer

GSVA were used to investigate the FJX1 expression correlation with 50 stars pathways in HALLMARK. we found that FJX1 had a significantly positive correlation with the first six pathways in various cancers, including “ANGIOGENESIS,” “WNT BETA CATENIN SIGNALING,” “NOTCH SIGNALING,” “EPITHELIAL MESENCHYMAL TRANSITION,” “APICAL JUNCTION,” and “TGF BETA SIGNALING,” which all were closely related to carcinoma and immunity (Supplementary Figure S3).





Immune infiltration and immune modulator genes analysis of FJX1 in pan-cancer

Tumor microenvironment (TME) data were downloaded from TIMER2. As displayed in Supplementary Figure S4A, FJX1 expression was positive relation with stromal score, ESTIMATE sore, and immune score in 17, 14, and 10 kinds of cancer, respectively (p<0.05), while there was a negative correlation with tumor purity in 13 kinds of cancer (p<0.05). In addition, FJX1 also had significant positive correlation with immune-related pathways and DNA damage repair-related pathways in most cancers (Supplementary Figure S4B).

We used ImmuCellAI and TIMER2 to investigate the FJX1 expression relationship with immune infiltrating cells in various TCGA tumors. FJX1 expression was positive relevant with large number of infiltrated immune cells, such as monocyte cells, NKT, macrophages, and Th2, while there was negative association with CD8+ T cells and B cells in various cancers (Figure 4A). Additionally, we further evaluated the FJX1 expression relationship with different subtypes of immune cell. We discovered that in most cancers, the FJX1 expression positively related with different subtypes of tumor macrophages (TAMs) but negatively related with different subtypes of B and T cells (Figure 4B).




Figure 4 | Correlation between FJX1 and immune infiltrating cells in TCGA cancers. (A) The correlation between FJX1 expression and immune cells. (B) The correlation between FJX1 expression and different immune cell subtypes. Red represents positive correlation, blue or dark green represents negative correlation, and the darker the color, the stronger the correlation.*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.



TMB and MSI scores were downloaded to analyze the FJX1 expression relationship with TMB or MSI via TCGA. The results suggested that FJX1 had significant correlation with TMB in ACC, STAD, UCEC, ESCA, DLBC, and CHOL (Figure 5A), with MSI in LUSC, TGCT, KIRP, and BRCA, SKCM, COAD, PAAD, ESCA, UCEC, and STAD (Figure 5B). Furthermore, we also explored the connection of FJX1 expression with immune-related genes (MHC genes, immunosuppressive genes, chemokines, and chemokines receptors) and immunosuppressive pathway-related genes. We found that FJX1 expression was significantly correlation with vast majority of MHC genes (21 types) in most cancers (Figure 6A). Additionally, FJX1 expression was significantly and positively correlated with immunosuppressive genes (TGFB1 and IL-10), chemokines (CCR1 and CCR5), chemokines receptors (CCL2 and CXCL5) (Figures 6B–D), and immunosuppressive pathway-related genes (TFGB1 and WNT1), in most TCGA cancers (Figure 7). Interestingly, TFGB1 and WNT relative pathway activation was associated with immunosuppressive status. All the investigations revealed that FJX1 was closely relevant to the immunosuppressive microenvironment and the matrix microenvironment. It was indicated that high FJX1 expression put patients in an immunosuppressed state.




Figure 5 | FJX1 correlation with TMB and MSI. (A) FJX1 was significantly correlated with TMB in ACC, STAD, UCEC, ESCA, DLBC, and CHOL. (B) FJX1 has significantly correlation with MSI in LUSC, TGCT, KIRP, BRCA, SKCM, COAD, PAAD, ESCA, UCEC, and STAD. TMB, mutational burden; MSI, microsatellite instability. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.






Figure 6 | Correlation between FJX1 expression and immune-related genes. Correlation between FJX1 and (A) MHC genes, (B) Immunosuppressive genes, (C) chemokines, and (D) chemokine receptors. Red represents positive correlation, blue represents negative correlation, and the darker the color, the stronger the correlation.*p < 0.05,**p < 0.01, ***p < 0.001, ****p < 0.0001.






Figure 7 | Correlation between FJX1 and immunosuppressive pathways-related genes (A, B). Red represents positive correlation, blue represents negative correlation, and the darker the color, the stronger the correlation.*p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.







Immunotherapy analysis of FJX1 in pan-cancer

To investigate whether FJX1 affects the immunotherapy effect in cancer patients, we downloaded the immunotherapy dataset from IMvigor210CoreBiologies and found that in the immunotherapy-tolerant group, the FJX1 expression was higher compared with immunotherapy-effective group (p<0.05) (Supplementary Figure S5A). In addition, we also found that compared with low FJX1 expression, patients in the high FJX1 expression group had worse overall survival (p=0.00029) (Supplementary Figure S5B). Furthermore, stable disease (SD)/progressive disease (PD) accounted for 87% and complete remission (CR)/partial remission(PR) accounted for 13% in patients with high FJX1 expression, while SD/PD accounted for 73%, and CR/PR accounted for 27% in patients with low FJX1 expression (Supplementary Figure S5C). All the results suggested that upregulated FJX1 could reduce the efficacy of immunotherapy.





Connection between FJX1 expression and IC50 in pan-cancer

We obtained the data from GDSC to explain the FJX1 expression connection with IC50 of 198 types of drug. As shown in Supplementary Figure S6, FJX1 had significantly positive correlation with IC50 of LGK974, BMS-754807, Crizotinib, AZD5991, Vorinostat, and ML_323, which revealed that patients with high FJX1 expression may develop resistance to these drugs.





FJX1 knockdown weakens the proliferation and migration in COAD cells

The FJX1 was knocked down via transfection with FJX1-siRNA. FJX1 mRNA and FJX1 protein expressions were all lower in the FJX1-siRNA group than in the FJX1-NCRNA group (Figures 8A–C). Meanwhile, TGFB1 and IL10 mRNA relative expression were also lower in the FJX1-siRNA group compared with the FJX1-NCRNA group (Figure 8G). To confirm the biological function of FJX1 in COAD cells, cell proliferation assay, transwell migration assay, and wound healing assay were performed in HCT116 and SW480 cells. The outcomes indicated that the proliferation and migration ability and wound average healing rate of HCT116 and SW480 cells were attenuated in the FJX1-siRNA group compared with the FJX1-NCRNA group (p all <0.05, Figures 8D–F).




Figure 8 | Knocking down FJX1 inhibits proliferation and migration in HCT116 and SW480 cells. (A) Real-time PCR and (B, C) Weston blot determine the efficiency of knocking down FJX1; (D) proliferation assay, (E) transwell migration assay, and (F) wound healing assay shows that knockdown FJX1 significantly weakens proliferation, migration ability, and average healing rate. The cell numbers of migration and average healing rate(%) are shown in histograms. (G) TGFB1 and IL10 mRNA relative expression. (H) Morphology of macrophages after co-culture with HCT116 in different states. (I) CD80/CD163 and CD86/CD163 are increasing in macrophages after co-culture with HCT116-siFJX1. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. Each experiment was repeated three times. Statistical analyses were performed with Student’s t-test.







THP1 macrophages co-cultured with knocking down FJX1 HCT116 increased CD80/CD163 and CD86/CD163

As shown in Figure 8H, THP1 macrophages were round without antennae. After co-culture with HCT116 bare bead cells and control groups, some THP1 macrophages were elongated and grew antennae, but most of them showed roundness and decreased antennae after co-culture with HCT116-siFJX1. Additionally, according to the results of qPCR, CD80/CD163 and CD86/CD163 were elevated in the knockdown FJX1 group compared with the control group (Figure 8I). This suggested that FJX1 had the potential to induce THP1 macrophages to polarize to M2.






Discussion

Cancer can have a significant impact on a patient’s health and quality of life, causing great suffering. Despite advancements in cancer diagnosis and treatment, the overall survival rate for cancer patients remains unsatisfactory (27). Therefore, it is crucial to explore novel strategies for cancer diagnosis and treatment, and pan-cancer analysis can provide new ideas and directions (28). Previous studies have shown that FJX1 is highly expressed in some cancers (14–18), and in colorectal carcinoma, upregulated FJX1 is significantly associated with poor survival (20). Our findings are consistent with these studies, as our pan-cancer analysis revealed high FJX1 expression in 22 types of cancer, and it was correlated with poor overall survival, disease-specific survival, disease-free interval, progression-free interval, and worse overall survival in some cancers. Therefore, our pan-cancer prognosis value analysis of FJX1 demonstrates that it could be an underlying and novel diagnostic and prognostic biomarker for cancers.

Tumorigenesis is closely associated with various genetic alterations, including mutation, amplification, deep deletion, copy number alteration (CNA), and DNA methylation of genes (29–31). According to our results, FJX1 was found to be altered in 19 types of cancer, with amplification being the most common genetic alteration across different cancer types. Additionally, FJX1 mRNA expression was positively correlated with CNA and negatively correlated with DNA methylation in 18 and 22 types of cancer, respectively. We also discovered that FJX1 is closely linked with cancer and immunity pathways. Previous research has revealed that FJX1 is a direct target of the Hippo-Yes-associated protein in the Hippo-signaling pathway, which regulates cell proliferation and apoptosis (32). Moreover, FJX1 has been shown to promote angiogenesis in colorectal carcinoma and potentiate invasion by regulating planar cell polarity, which is involved in wound repair and development (33). Our external experimental results also demonstrated that knocking down FJX1 in colon cancer cells weakened their proliferation and migration. Thus, all these findings suggest that FJX1 is a factor in promoting carcinogenesis.

The tumor microenvironment (TME) exerts a long-lasting impact on tumor cells and plays critical roles in various aspects of tumor biology, including infiltration, invasion, metastasis, and response to immunotherapy (34). Among the cellular components of TME, macrophages are particularly important and are commonly referred to as tumor-associated macrophages (TAMs) (35). TAMs are a heterogeneous population that can exhibit distinct phenotypes, with the M1 type having an anti-tumor function and the M2 type promoting tumor growth and progression. The proportion of M2 TAMs has been shown to correlate with poor prognosis in many types of cancer (36–38). In our study, we found that the expression of FJX1 was significantly associated with monocytes, macrophages, Th2 cells, and NKT cells. Moreover, we observed a positive and significant correlation between FJX1 expression and most macrophage subtypes. Interestingly, we also found that co-culture of THP1 macrophages with HCT116 cells that were transfected with siFJX1 led to morphological changes in macrophages, with decreased antennae and a more rounded shape. Furthermore, the expression of surface markers such as CD80/CD163 and CD86/CD163 was increased in macrophages co-cultured with HCT116-siFJX1 compared to the control group in vitro. CD80 and CD86 are typical markers of M1 macrophages, while CD163 is a marker of M2 macrophages (39). Thus, the increased expression of CD80/CD163 and CD86/CD163 in macrophages suggests a decrease in the proportion of CD163+ M2 TAMs and an increase in the proportion of CD80+ or CD86+ M1 TAMs. Collectively, our findings suggest that FJX1 is positively associated with TAMs.

TMB and MSI are important biomarkers for evaluating antitumor responses and predicting the efficacy of tumor immunotherapy, including antibody therapies and checkpoint inhibitors (40, 41). However, cancer cells can develop drug resistance by undergoing immunoediting, which allows them to escape detection and clearance by the immune system (42, 43). Our research suggests that FJX1 plays a significant role in the development of drug resistance in 6 and 10 types of cancer, by affecting TMB and MSI, respectively. Specifically, high expression of FJX1 is associated with a more immunotherapy-tolerant microenvironment and lower overall survival in cancer patients. Furthermore, our results indicate that FJX1 is positively correlated with the expression of MHC genes, immunosuppressive genes, chemokines, chemokine receptors, and immunosuppressive pathway-related genes in most TCGA cancers. We also found that FJX1 expression is positively associated with TGFB1 and IL-10, which can induce macrophages to M2 polarization and regulate tumor immunology (44). When FJX1 was knocked down in colon cancer cells, the expression of TGFB1 and IL-10 also decreased, suggesting that FJX1 may affect the polarization of macrophages and thus the tumor microenvironment.

Finally, we used GDSC to analyze the connection between FJX1 and IC50 in 198 types of drug and found that high expression of FJX1 is associated with drug resistance. These results suggest that FJX1 is a potential target for the development of immunosuppressants. Overall, our findings provide new insights into the role of FJX1 in cancer immunotherapy and drug resistance.

While our article highlights the significance of FJX1 as a biomarker for carcinogenicity and prognosis in various types of cancer, there are some important limitations to our study. Although previous research suggests that high FJX1 expression is associated with poor prognosis in different tumors, the specific mechanism and role of the tumor immunosuppressive microenvironment have not been fully explored. Therefore, further investigation is necessary to confirm the relationship between FJX1 and the immunosuppressive microenvironment in human cancers. In addition, future studies should also focus on exploring the expression and function of FJX1 in greater detail.





Conclusion

Our study underscores the importance of FJX1 as a potential biomarker for cancer diagnosis and prognosis. High FJX1 expression may contribute to an immunosuppressive microenvironment, and targeting FJX1 could be a promising approach for immunotherapy in cancer treatment.
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Breast cancer is the most frequently diagnosed malignancy and the leading cause of cancer-related death in women worldwide. Breast cancer development and progression are mainly associated with tumor-intrinsic alterations in diverse genes and signaling pathways and with tumor-extrinsic dysregulations linked to the tumor immune microenvironment. Significantly, abnormal expression of lncRNAs affects the tumor immune microenvironment characteristics and modulates the behavior of different cancer types, including breast cancer. In this review, we provide the current advances about the role of lncRNAs as tumor-intrinsic and tumor-extrinsic modulators of the antitumoral immune response and the immune microenvironment in breast cancer, as well as lncRNAs which are potential biomarkers of tumor immune microenvironment and clinicopathological characteristics in patients, suggesting that lncRNAs are potential targets for immunotherapy in breast cancer.
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1 Introduction

Breast cancer (BC) is the most frequently diagnosed malignancy and the leading cause of cancer-related death in women worldwide (1, 2). BC is a multifactorial and heterogeneous disease that includes well-defined histological types and protein markers, such as estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor 2 (HER2), and Ki-67 (1, 3–5). According to the PAM50 gene signature, BC is classified into Luminal A (LA), Luminal B (LB), HER2-enriched, and Basal-like (BL) subtypes. Remarkably, luminal BCs represent around 60 to 70% of diagnosed cases and are frequently associated with improved prognosis, in contrast to non-luminal subtypes (1, 6, 7). Understanding the alterations in specific genes and disrupted signaling pathways involved in BC is essential to unravel the underlying mechanisms of development and progression. In this regard, accumulated evidence has shown recurrent alterations in diverse genes (i.e., TP53, ESR1, PIK3CA, PTEN, CDH1, GATA3, CCND1, FGFR1/2, ERBB2, CDKN2A/2B, MYC and BRCA1/2) as well as dysregulations in various signaling pathways (i.e., hormone receptors, DNA damage repair, PI3K/AKT/mTOR, MAPK/ERK, TGF-β, NFκB, WNT/β-Catenin, Notch, Hippo, and SHH), which are associated with cell survival, proliferation, epithelial-mesenchymal transition (EMT), therapy resistance, immune evasion and tumor immune microenvironment (TIME) alterations in BC (1, 8–19).

The TIME consists of dynamic niches where cancer cells coexist and interact with diverse lymphoid (i.e., natural killer (NK) cells, B cells, CD4+ T cells, CD8+ T cells, regulatory T cells, and T follicular helper cells) and myeloid immune cell populations (i.e., dendritic cells (DCs), mast cells, myeloid-derived suppressor cells (MDSCs), M0, M1, M2 macrophages, and neutrophils), as well as with soluble factors secreted by these cells (i.e., cytokines and chemokines) in the extracellular matrix. Notably, the cancer genotype and phenotype have a crucial role in the TIME’s composition and functionality, varying depending on the cancer type and clinical stage. In this context, TIME is essential at primary, pre-metastatic, and metastatic sites (20–22). Therefore, the immune context in cancer is associated with prognosis and therapeutic efficacy in patients (23, 24). Previous articles have reviewed the cancer-immunity cycle and the cancer-immune set point for a better understanding of cancer immunobiology (25, 26). Remarkably, several studies have characterized and analyzed the composition and functionality of tumor-infiltrating immune cells (TIICs) across different BC subtypes, evidencing significant associations with prognosis in patients (27–34). Immunotherapies for BC treatment based on CAR T cells, CAR NK cells, immune-checkpoint (IC) inhibitors, cytokine modulation, chemotherapy drugs to induce immunogenic cell death, and personalized vaccines related to tumor-associated antigens are being tested in clinical trials (35). Despite these advances, there is still a lack of knowledge to understand BC immunobiology fully. A fascinating research field focused on long non-coding RNAs (lncRNAs) is being explored in this context.

LncRNAs are non-protein-coding transcripts of more than 200 nucleotides in length and are classified according to their location and orientation relative to protein-coding genes into sense, anti-sense, intronic, intergenic, and bidirectional (36, 37). Notably, lncRNAs are frequently transcribed by RNA polymerase II (Pol II) and III (Pol III). Pol II-transcribed lncRNAs are spliced, bear 7-methyl guanosine caps at the 5’ end, and have polyadenylated tails at the 3’ end. In contrast, Pol III-transcribed lncRNAs lack caps and poly-A tails. Remarkably, the expression of lncRNAs is lower compared to protein-coding genes. However, lncRNAs exhibit higher tissue and cell specificity, highlighting their regulatory roles (36, 37).

LncRNAs may act in the nucleus or cytoplasm cell fraction, exhibiting a wide range of functions. In a non-pathological context, lncRNAs have essential roles in diverse biological processes, such as regulation of gene expression, chromatin modification, genomic imprinting, and transcriptional and translational processing (36, 37). These functions are mainly achieved due to lncRNA may interact with diverse DNA elements (i.e., exons, introns, and promoters), RNA species (i.e., mRNAs, miRNAs, and other lncRNAs), proteins (i.e., related to epigenetic, transcriptional, translational processes and extracellular vesicles). Previous findings have demonstrated that dysregulation of lncRNAs is associated with cancer biology, evidencing that these molecules are critical modulators of cancer signaling pathways and may act as oncogenes and tumor suppressors, showing versatile and complex roles associated with diverse hallmarks of cancer (38–43). Notably, various reports have evidenced that functional mechanisms and dysregulations associated with various lncRNAs (i.e., SPRY4-IT1, DANCR, PVT1, TUSC8, ATV1, LINC00617, PICART1, APOC1P1-3, SERM, and SERT) are promoters of cell proliferation, invasion, migration, apoptosis, stemness, and drug resistance in BC (44). Particularly, recent investigations have demonstrated the importance of lncRNAs in BC immunobiology, showing that lncRNAs are essential players in the antitumoral immune response, immune evasion mechanisms, and composition and functionality of the TIME. Abnormal expression of lncRNAs has been shown to affect the immune phenotypes across different cancer types, including BC (45–48). In this review, we provide the current advances about the role of lncRNAs as tumor-intrinsic and tumor-extrinsic modulators of the antitumoral immune response and TIME in BC, as well as lncRNAs which are potential biomarkers of the TIME and clinicopathological characteristics in BC patients.




2 LncRNAs as tumor-intrinsic modulators of the antitumoral immune response in BC

Previous research demonstrated that metabolic changes, loss of antigenicity, upregulation of immune inhibitory factors, and alterations in the TIME are important tumor-intrinsic mechanisms of immune evasion and immunotherapy resistance across different cancer types (23, 49, 50). In addition, the dysregulation of oncogenic pathways, such as WNT/β-catenin, MYC, LKB1, PTEN, and TP53, have a crucial role in the promotion and suppression of local antitumor immune response, depending on the cell context and cancer type (8). Prior findings evidenced that BRCA1, BRCA2, and TP53 mutations are associated with high mutational burden, neoantigen load, tumor-infiltrating lymphocyte density, high cytolytic activity, and improved prognosis in BC. Interestingly, the crosstalk between BRCA1/BRCA2 alterations with NFkB, NOTCH, and PTEN signaling pathways hampers the immune response in BC (51–59). Remarkably, recent studies have evidenced that lncRNAs are critical regulators of cancer immunobiology (45–48). In this regard, the role of diverse lncRNAs as tumor-intrinsic modulators of BC immunobiology has been explored, identifying lncRNAs that function as promoters and suppressors of the antitumoral immune response.



2.1 Tumor-intrinsic lncRNAs as promoters of the antitumoral immune response in BC

Recent findings have evidenced the regulatory roles of lncRNAs as tumor-intrinsic promoters of the antitumoral immune response in BC. Salama et al. identified that triple-negative breast cancers (TNBC) exhibit a high expression of PD-L1 and a low expression of XIST. Notably, the XIST knockdown promotes an increased expression of PD-L1 in TNBC cells (60). In addition, Zhao et al. evidenced that the XIST knockdown promotes macrophage polarization from M1 to M2, supporting the proliferation and migration of BC cell lines (61). Another research demonstrated that the XIST loss upregulates the c-Met/MSN signaling pathway in TNBC, promoting brain metastasis. Specifically, the XIST loss promotes the microglia reprogramming from M1 to M2 macrophages by exosomal miR-503 releasing, STAT3, and NFκB pathways. Furthermore, BL and TNBC patients have a low expression of XIST, which is associated with poor metastasis-free survival (62). In addition, Hamed et al. showed that the oleuropein compound promotes the expression of XIST and the inhibition of miR194-5p/PD-L1 in TNBC, suggesting the feasibility of modulating the BC immunobiology by targeting lncRNAs and IC inhibitors (63). Overall, XIST is a positive regulator of the antitumoral immune response by preventing PD-L1 expression and M2 macrophage-related phenotypes in BC (Figure 1).




Figure 1 | Impact of lncRNAs as tumor-intrinsic promoters of the immune response in BC. LncRNAs, including XIST, KRT19P3, BM466146, and LINC01198, function as tumor-intrinsic promoters of the immune response in BC, preventing PD-L1 expression, macrophage polarization, and promoting CD8+ T cell infiltration, as well as the expression of genes and proteins associated with antitumoral immune response. Dashed boxes in red denote cancer-related phenotypes. ISGs, interferon-stimulated genes.



Another study showed that the high expression of KRT19P3 is related to the low expression of PD-L1 and high infiltration of CD8+ T cells in BC, indicating that this lncRNA might have an essential role in the T cell function through the PD-L1 modulation. Also, KRT19P3 decreases proliferation, migration, and invasion in vitro (64) (Figure 1). Otherwise, Beltran-Anaya et al. found that LncKLHDC7B is enriched in TNBC immunomodulatory subtype samples with high immunophenoscore values. The silencing of this lncRNA promotes cell migration and invasion while decreasing apoptosis in vitro. In addition, the low expression of LncKLHDC7B is associated with recurrence, metastatic events, and reduced survival in TNBC patients (65). In other research, Zhang et al. found that the expression of lncRNA BM466146 positively and negatively correlates with the infiltration level of CD8+ T cells and the Ki-67 index in BC patients, respectively. Particularly, BM466146 could upregulate the CXCL13 expression to recruit CD8+ T cells to the BC immune microenvironment. Also, the overexpression of BM466146 reduces the proliferation in vitro, while the high expression of this lncRNA is associated with increased overall survival (OS) in BC patients (66). In addition, an investigation based on an innovative CRISPR activation screening strategy showed that LINC01198 is suppressed in diverse cancer types, including BC. Additional analyses demonstrated that IFNGR1-related genes, MHC-I protein expression, and STAT1 phosphorylation increase when LINC01198 is activated in BC cells, while its inhibition decreases the expression of type I IFN pathway-related genes. Specifically, the activation of LINC01198 promotes the expression of CXCL10, IFN-β, type I IFN receptors, interferon-stimulated genes (ISGs), and the transcriptional activity of NFκB (related to p65 component) in vitro (Figure 1). Equally important, the high expression of LINC01198 is associated with a high score of CD8, IL-2, IL-8, and IL-12 immune signatures and improved OS in BC patients, indicating that LINC01198 is a promoter of IFN-related antitumoral immune response (67).




2.2 Tumor-intrinsic lncRNAs as suppressors of the antitumoral immune response in BC

Different studies have shown the regulatory roles of lncRNAs as tumor-intrinsic suppressors of the antitumoral immune response in BC. In this context, Salama et al. demonstrated that the TSIX knockdown (a negative regulator of XIST) promotes a reduced expression of PD-L1 in TNBC cells. Moreover, TSIX is highly expressed in TNBC patients with high expression of PD-L1 (60). In another research, Samir et al. exhibited that the increased expression of MALAT1 and miR-182-5p positively modulates the PD-L1 expression through a negative and positive regulation of XIST and TSIX expression, respectively, promoting an immunosuppressive phenotype in TNBC (68). Recent findings showed that MALAT1 knockdown promotes the expression of stress-induced ligands (MICA and MICB) and the repression of immune checkpoints (PD-L1 and B7-H4) in TNBC cells. Also, the MALAT1 knockdown boosts the NK cells-mediated killing and CD8+ T cells-mediated cytotoxic activity via miR-34a and miR-17-5p, respectively, indicating that this lncRNA hampers the innate and adaptive immune response in TNBC (69). In another report, Xiping et al. found that MALAT1 knockdown decreases the expression of MYC oncogene and CD47 (a protein that binds to SIRPα and blocks the antigen uptake mediated by macrophages and DCs) in HER2+ and TNBC cells. In addition, the MALAT1 expression promotes proliferation and invasion in vitro, supporting the role of this lncRNA in the immune evasion of BC (70). A study showed that the methoxylated quercetin glycoside compound diminishes the MALAT1 expression, altering the immunogenic profile in BC (71). In addition, Wang et al. demonstrated that TINCR is a promoter of immune evasion in BC. Specifically, TINCR acts as a molecular sponge for miR-199a-5p and upregulates the USP20 stability through a ceRNA regulatory mechanism, promoting the upregulation of PD-L1 protein by inhibiting its ubiquitination. Additional analyses revealed that TINCR transcription is promoted through the activation of STAT1 signaling by IFNγ stimulation. Moreover, the TINCR knockdown reduces tumor growth, cell proliferation, migration, and invasion in BC (72).

On the other hand, a comprehensive investigation found that GATA3-AS1 expression enhances the PD-L1 protein levels and promotes cell proliferation and migration of TNBC cells. Particularly, GATA3-AS1 promotes the deubiquitination of PD-L1 protein through the upregulation of COPS5. Besides, the upregulation of GATA3-AS1 is related to a reduced percentage of CD8+ T cells in TNBC, and the high expression of this lncRNA is associated with reduced OS. In contrast, the high level of PD-L1 protein correlates with poor prognosis, large tumor size, and clinical stage in TNBC patients (73) (Figure 2). Another study demonstrated that HEIH is highly expressed in TNBC. At the same time, silencing this lncRNA reduces the expression of miR-939-5p, NOS2, decreases NO production and inhibits cell viability and migration in vitro. Moreover, the HEIH silencing increases the expression of MICA and MICB while decreasing the expression of PD-L1, IL-10, and TNFα, suggesting that HEIH significantly promotes immunosuppressive phenotypes in TNBC (74).




Figure 2 | Impact of lncRNAs as tumor-intrinsic suppressors of the immune response in BC. Diverse lncRNAs, such as TSIX, TINCR, MALAT1, GATA3-AS1, LINC00624, IL10RB-DT, LINK-A, HEIH, GHSROS, LINC00467, MIAT, and HCP5 function as tumor-intrinsic suppressors of immune response in BC, dysregulating the expression of antigen processing and presentation components, interferon-stimulated genes (ISGs), immune checkpoints, cytokines, stress-induced ligands, STAT1 phosphorylation, tumor suppressor barriers, oncogenes, immunotherapy response, infiltration and functionality of tumor-infiltrating immune cells. Dashed boxes in red denote cancer-related phenotypes. CNAs, copy number amplifications.



Hu et al. evidenced that LINK-A is upregulated in TNBC and negatively correlates with antigen-presenting cells and CD8+ T cell levels in BL BC. Particularly, LINK-A downregulates antigen processing and presentation components (i.e., TPSN, TAP1, TAP2, and CALR) and intrinsic tumor suppressor barriers (Rb and p53), which indicates that this lncRNA promotes tumor immune evasion (Figure 2). Likewise, TNBC patients who are responders to Pembrolizumab have a low expression of LINK-A and high infiltration of CD8+ T cells, in contrast to non-responders. Remarkably, LINK-A inhibition improves the CD8+/CD3+ T cell infiltration and cytotoxicity, indicating that this lncRNA might be a potential immunosuppressive biomarker and therapeutic target in TNBC patients (75). Wang et al. characterized the function of IL10RB-DT through a CRISPR activation screening. They found that the activation of this lncRNA inhibits the transcription of MHC-I and antigen-processing genes in BC cells. Equally important, the IL10RB-DT expression is associated with poor survival in BC patients (67). A study about the LINC00624 expression showed that this lncRNA negatively correlates with type I IFN and antigen processing and presentation pathways in vitro. Also, the overexpression of LINC00624 inhibits the ISGs expression and STAT1 phosphorylation in vitro. Additionally, IFNα induces the LINC00624 expression, suggesting that this lncRNA is an ISG that is a negative feedback modulator of the IFN signaling pathway (76) (Figure 2). Further analyses demonstrated that ADAR1 interacts with LINC00624, promoting A-to-I substitutions in this lncRNA in vitro, which increase after IFNα treatment. Interestingly, the function of the edited LINC00624 depends on ADAR1 to inhibit the IFN response and to promote Lapatinib and anti-HER2 treatment resistance in HER2+ BC cells. Also, tumor cells overexpressing LINC00624 co-cultured with CD8+ T cells inhibit IFNγ production in vivo. In contrast, the antigen presentation-related genes, ISGs, and tumor response to anti-PD-1 treatment are inhibited by LINC00624 in vivo (76) (Figure 2). This lncRNA is highly expressed in HER2+ BC patients with a non-pathological complete response, and the high expression of LINC00624 is associated with poor disease-free survival (DFS) (76).

Recent research evidenced that the lncRNA MIAT is co-expressed with different genes related to immune cells’ regulation, activation, and adhesion. BC patients with high expression of MIAT exhibit a high infiltration of CD8+ T cells, resting memory CD4+ T cells, activated memory CD4+ T cells, gamma-delta T cells, and M1 macrophages. In contrast, the infiltration of plasma cells, activated NK cells, monocytes, M2 macrophages, and activated mast cells are reduced (77). Furthermore, the MIAT expression positively correlates with IC genes like PDCD1, CD274, and CTLA-4, which are critical players in suppressing the antitumoral response mediated by T cells (Figure 2). Moreover, the high expression of MIAT is associated with clinical stage and lymph node metastasis in serum samples derived from BC patients. The high expression of MIAT is associated with reduced OS in BL BC. In contrast, the high expression of this lncRNA is associated with reduced post-progression survival in LA, LB, and HER2+ BC patients, which indicates a subtype-specific prognostic role of MIAT (77). Additional research confirmed that this lncRNA positively correlates with IC gene expression and its prognostic role associated with OS. Also, MIAT silencing reduces proliferation, colony forming, and invasion, while increasing TNBC cell apoptosis in vivo, indicating that MIAT is a promoter of immunosuppressive phenotypes in BC (78). A similar behavior was detected for lncRNA HCP5 in BC. Additional analyses showed that MIAT and HCP5 upregulate the expression of CD274 through a ceRNA mechanism, which involves miR-150-5p sponging in human cancer (78) (Figure 2). Interestingly, Wu et al. found that a ceRNA network composed of BTN3A1-has-miR-20b-5p-HCP5 could have a role in the interaction between BC cells and T cells in vitro (79). In this regard, different studies have indicated that ceRNA networks are composed of mRNAs-miRNAs-lncRNAs and are potential modulators of the TIME in BC (80–83).

Another study evidenced that the overexpression of lncRNA GHSROS induces the downregulation of MHC-II genes (HLA-DRA, HLA-DPB1, HLA-DPA1, and HLA-DRB3) in TNBC cells. In addition, the overexpression of GHSROS is associated with the downregulation of immune-related pathways, including antigen processing and presentation signaling. The expression of GHSROS promotes cell migration in vitro and progression in vivo, suggesting that this lncRNA is involved in BC immune evasion (84) (Figure 2). In another study, Bo et al. identified a high expression of LINC00467 in metastatic BC and circulating tumor cells. Functional analyses demonstrated that LINC00467 silencing decreases migration and invasion in vitro. The high expression of LINC00467 is associated with poor distant metastasis-free survival and relapse-free survival (RFS) in patients across different BC subtypes. Also, the expression of LINC00467 negatively correlates with immune and stromal infiltration in BC. Significantly, the copy number amplifications of LINC00467 are related to low infiltration of central and effector memory CD4+ and CD8+ T cells (Figure 2) and are also associated with poor disease-specific survival and progression-free survival in BC patients (85).




2.3 LncRNAs related to IL-6 in BC

IL-6 is a pleiotropic cytokine that is crucial in the immune response in non-pathological and pathological conditions. IL-6 can antagonize or promote tumor progression depending on the cell context (86–89). Recent studies indicate that some lncRNAs are related to IL-6 in BC. A study showed that lncRNA BCAR4 is recruited to PTCH1, MUC5AC, TGF-β1, and IL-6 promoters to induce their expression in response to CCL21 in BC cells. Also, the BCAR4 expression promotes migration and invasion in vitro (90). Moreover, DeVaux et al. identified that BHLHE40‐AS1 promotes migration and invasion in ductal infiltrating BC through a low expression of IL-6 and STAT3 phosphorylation (91). Similarly, Nyati et al. found that lncRNA AU021063 expression is promoted by IL-6/Arid5a signaling. Additional analyses showed that AU021063 induces invasion and metastasis of BC in vitro and in vivo via upregulation of Trib3 and activation of the Mek/Erk signaling pathway (92).





3 LncRNAs as tumor-extrinsic regulators of the TIME in BC

Different studies have demonstrated that diverse lncRNAs function as tumor-extrinsic factors specifically expressed by diverse immune cell populations to regulate their functionality, which is essential in the TIME and prognosis in BC. Despite recent advances, the role of lncRNAs as extrinsic regulators of the TIME in BC has been only reported in cytotoxic T lymphocytes, regulatory T cells, and tumor-associated macrophages.



3.1 Cytotoxic T lymphocytes

The cytotoxic T lymphocytes (CTLs) are a subpopulation of CD8+ T cells that are the main effectors of the antitumoral immune response (24, 93). Remarkably, the CTLs eliminate cancer cells through perforin and granzyme mechanisms. The functionality of CTLs is mainly suppressed in cancer by the induction of anergy states and exhaustion phenotypes (93, 94). Therefore, CTLs are frequently associated with improved prognosis in different cancer types (24). Recent studies have evidenced that lncRNAs are crucial regulators of CTLs in the TIME of BC. Although the role of NKILA in non-neoplastic and neoplastic conditions has been recently reviewed (95), different studies have identified critical roles of this lncRNA in CTLs from the TIME of BC. In this regard, Huang et al. found that NKILA is highly expressed in tumor-specific CTLs and Th1 cells, enhancing their sensibility to activation-induced cell death (AICD) compared to Treg and Th2 cells in BC. Specifically, NKILA suppresses the IκBα phosphorylation, p65 nuclear translocation, and transcription of NFκB-target anti-apoptotic genes in CTLs (96). Additional studies have corroborated the role of NKILA as a negative regulator of NFκB in immune cells from BC (97, 98) (Figure 3). Notably, the transcription of NKILA is regulated by calmodulin-induced histone acetylation and STAT1 signaling, and the high levels of NKILAhi tumor-specific CTLs are associated with poor survival in BC patients (96). In contrast, Liu et al. found that the low expression of NKILA is associated with distal metastasis, lymph node status, advanced clinical stage, tumor size, and poor DFS in BC patients (97). Similarly, Wu et al. demonstrated that NKILA silencing promotes TGFβ-induced EMT in vivo and the low expression of this lncRNA is associated with poor DFS in BC patients (98) (Figure 3). Therefore, NKILA could exert a context-dependent role as a regulator of NFκB signaling and metastasis, suggesting the potential of this lncRNA as a therapeutic target to modulate the function of tumor-specific T cells in BC. In addition, Yu et al. showed that lncRNA expression and CTLs predict the OS and immunotherapy response in cancer patients stratified by immune groups (99).




Figure 3 | Role of lncRNAs as tumor-extrinsic regulators of the TIME in BC. In the TIME of BC, lncRNAs are critical modulators of the functionality in immune cell populations and BC. In this regard, NKILA is associated with cytotoxic T lymphocytes (CTLs), while SNHG1 is related to regulatory T (Treg) cells. In contrast, lincRNA-p21, HOTAIR, and MALAT1 are related to tumor-associated macrophages (TAMs). In addition, the lncRNAs, such as SNHG16, HISLA, MALAT1, and HOTAIR, are expressed by specific cell populations and have a crucial impact on the functionality of target cell populations in the TIME of BC. EMT, epithelial-mesenchymal transition.






3.2 Regulatory T cells

The regulatory T (Treg) cells are a specialized subpopulation of CD4+ T cells characterized by the expression of CD25 and FOXP3. In a non-pathological context, Treg cells suppress the immune response for homeostasis maintaining, self-tolerance, and preventing autoimmune diseases (100). In cancer, Treg cells often promote immunosuppression by expressing IL-10, TGFβ, and CTLA-4. Therefore, Treg cells are frequently associated with poor prognosis in different cancer types (24, 101). Recent research indicates that lncRNAs are important regulators of Treg cells in the TIME of BC. Moallemi-Rad et al. evaluated the Treg cell-related lncRNAs expression from BC in this regard. In particular, RMRP and MAFTRR expression is positively associated with nuclear grade, tubule formation, and tumor size. Conversely, the expression of FLICR differs according to the HER2 levels in BC (102).

SNHG1 and SNHG16 belong to the SNHG lncRNA family, which has a critical oncogenic role in different cancer types (103). Recent findings have evidenced their role as tumor-extrinsic regulators in the TIME of BC. Pei et al. demonstrated that lncRNA SNHG1 is highly expressed on CD4+ T cells from the peripheral blood of BC patients, in contrast to CD4+ T cells from normal donors. Moreover, the SNHG1 knockdown decreases IDO1, Foxp3, and IL-10 expression, essential Treg cell differentiation promoters. In addition, the SNHG1 knockdown reduces the tumor volume in murine models with BC xenografts (104). In another study, Ni et al. identified that lncRNA SNHG16, delivered from BC exosomes, promotes the activation of the TGF-β1/SMAD5 signaling pathway and miR-16-5p downregulation to induce the upregulation of CD73 in γδ1 Treg cells. The γδ1 Treg cells constitute a high proportion of TIICs in TNBC, ER+PR+, and HER2+ BCs, and the CD73 expression is higher in γδ1 Treg cells derived from BC. Remarkably, CD73+ γδ1 Treg cells exhibit high expression of IL-4, IL-10, IL-17A, GM-CSF, and TGFβ, which are critical immunosuppressive molecules, indicating that CD73+ γδ1 Treg cells have an immunosuppressive role in the TIME of BC (105) (Figure 3).




3.3 Tumor-associated macrophages

Tumor-associated macrophages (TAMs) are a crucial cell component in the TIME (106). According to their functions, TAMs are separated into M1 and M2 macrophages. M1 macrophages have pro-inflammatory and antitumoral functions mediated by the secretion of IL-1β, IL-6, IL-12, TNFα, and reactive oxygen species. Moreover, M1 macrophages are key promoters of Th1-type response and are associated with improved prognosis in different cancer types (21, 24, 106). Conversely, M2 macrophages have anti-inflammatory and pro-tumoral functions mediated by the expression of IL-10, TGFβ, PGE2, PD-L1, and PD-L2, promoting immunosuppression. Therefore, M2 macrophages are strongly associated with poor prognosis in cancer patients (21, 24, 106). Interestingly, recent research indicates that lncRNAs are critical regulators of TAMs in the TIME of BC. Zhou et al. evidenced that lincRNA-p21 is upregulated in TAMs from BC murine models. Moreover, the lincRNA-p21 knockdown in TAMs promotes the production of pro-inflammatory molecules (IL-6 and TNFα), iNOS, and decreases the production of anti-inflammatory molecules (IL-4 and IL-10) and Arg-1, indicating that this lncRNA has an essential role in the TAM polarization in vivo (Figure 3). In addition, the lincRNA-p21 knockdown promotes the interaction of MDM2/p53 to activate the NFκB and STAT3 signaling pathways. Interestingly, the lincRNA-p21 knockdown decreases the BC progression and improves survival in vivo (107). On the other hand, Chen et al. found that the extracellular vesicle-packaged lncRNA HISLA from TAMs is delivered to TNBC cells, stabilizing HIF-1α (through the inhibition of PHD2/HIF-1α interaction) and enhancing tumoral aerobic glycolysis, suggesting a metabolic reprogramming of BC mediated by cell-cell communication. Also, HISLA promotes migration, invasion, and apoptosis resistance in BC cells (Figure 3). The high expression of this lncRNA is associated with lymph node metastasis and poor DFS in BC patients (108). Another investigation analyzed the relationship between lncRNAs and their immunomodulatory role in TAMs derived from BC. In particular, MALAT1 and HOTAIR are upregulated in TAMs derived from TNBC, HER2+, and hormonal BCs. In these TAMs, the MALAT1 and HOTAIR silencing promotes the upregulation of CD80 and MSLN and the downregulation of VEGF-A. Furthermore, this study showed a cytotoxicity decrease in CD8+ T cells against TNBC cells treated with anti-PD-L1 inhibitor and cultured under conditioned media derived from TAMs with MALAT1 and HOTAIR silencing, indicating the role of both lncRNAs as tumor-extrinsic negative modulators of the antitumoral immune response in BC (109) (Figure 3).





4 LncRNAs as potential biomarkers of the TIME and clinicopathological characteristics in BC

In recent years, several Next-Generation Sequencing (NGS) approaches (i.e. bulk RNA-seq, single cell RNA-seq, whole-genome sequencing and whole-exome sequencing) and bioinformatic tools (i.e., Polysolver, NetMHCpan, CIBERSORTx and MiXCR) have been incorporated for interrogating cancer immunobiology, creating the area known as cancer immunogenomics and immunotranscriptomics (110–114), which includes comprehensive pan-cancer analyses focused on neoantigens prediction (115, 116), MHC class I and class II genes (117, 118), compositional and functional characterization of TIMEs (119, 120), cytolytic activity estimation (121), BCR/TCR repertoires (122) and immunotherapies monitoring (110, 119, 123). Remarkably, large-scale bioinformatics pan-cancer studies have focused on the characterization of lncRNAs as immune-related oncogenic biomarkers and as modifiers of TIMEs, highlighting the potential clinical application of lncRNAs as immunotherapy targets (124, 125). Remarkably, recent findings based on identifying lncRNAs as biomarkers of the TIME and clinicopathological characteristics in BC have gained particular interest. This section highlights relevant studies, primarily based on NGS data mining and bioinformatic approaches, which have explored the role of diverse lncRNAs as individual biomarkers and prognostic models/signatures in the BC immunobiology context.



4.1 Individual lncRNAs

Recent advances in BC patients have revealed that individual lncRNAs are promising biomarkers of the TIME and clinicopathological characteristics. A study found that the expression of lncRNA ST7-AS1 is associated with various signaling pathways, including MYC, KRAS, IL6-JAK-STAT3, and apoptosis signaling pathways. In addition, the expression of ST7-AS1 differentially correlates with elevated levels of diverse lymphoid and myeloid cell populations. The high expression of ST7-AS1 is associated with improved OS, progression-free survival, and disease-specific survival (DSS) in BC patients (126).

Yi et al. observed that the expression of SLC26A4-AS1 is associated with the infiltration of diverse immune cell populations. Notably, high expression of this lncRNA is associated with improved OS and DSS in BC patients (127). A study by Zhao et al. revealed that the expression of lncRNA DRAIC is inversely correlated with the infiltration of DCs and neutrophils. High expression of DRAIC is associated with advanced tumor stage, positive lymph node status, and unfavorable OS and DSS in ER+ BC patients (128). Another research demonstrated that elevated expression of lncRNA TCL6 is associated with various immune-related pathways in BC. TCL6 expression positively correlates with infiltration of neutrophils, DCs, B cells, CD4+ T, and CD8+ T cells, as well as the expression of IC genes, such as PD-1, PD-L1, PD-L2, and CTLA-4. The low and high expression of TCL6 is associated with poor and improved OS, respectively, in LB BC (129). Similarly, a recent study demonstrated that high and low expression of LINC00426 is consistently associated with increased and poor OS in LB BC, respectively. Moreover, the LINC00426 expression correlates with the infiltration level of diverse immune cell populations, IC, and cytolytic activity-related genes, evidencing that this lncRNA is an immune phenotype-related biomarker in LB BC (130).

Liu et al. reported that lncRNA OSTN-AS1 positively correlates with B and T cell signaling pathways in BC, involving genes like PDCD1, CTLA-4, CD79A, and CD79B. High expression of OSTN-AS1 is related to diverse immune functions encompassing cytokines, chemokines, NK cells, B cells, T cells, and others. The high expression of OSTN-AS1 is associated with a favorable prognosis in TNBC patients (131). In another study, De Santiago et al. found that LINC00944 is upregulated in TNBC cells due to ADAR1 loss. This lncRNA is related to immune signaling pathways, such as interferon-gamma response, inflammatory response, IL2-STAT5, and TNFα-NFκB. Also, the LINC00944 expression positively correlates with T cell-associated gene markers (CD3D, CD3E, CD3G, SH2D1A, and TRAT1) in BC patients. Reduced expression of LINC00944 is associated with diminished T-cell infiltration, while the high expression of this lncRNA is related to the upregulation of anti-apoptotic genes. The high expression of LINC00944 is associated with improved RFS in TNBC patients (132). Similarly, a study identified that lncRNAs RP3-460G2.2, RP11-1008C21.1, and RP5-899E9.1 are correlated with the infiltration of diverse immune cell populations and are strongly associated with macrophage gene markers (CD68 and MSR1) in BC (133).

An investigation revealed a negative correlation between LINC00472 expression and IFNγ, IFNα, and TNFα pathways while exhibiting a positive correlation with p53, ER, and PR pathways in ER+, ER- BCs, and TNBC, implying an association with immunosuppression. Conversely, the opposite correlation was detected for lnc-HLA-DRB1-5 in ER+, ER- BCs, and TNBC (134). Notably, recent research has focused on evaluating the expression and roles of immune-related lncRNAs in different BC subtypes. Mathias et al. highlighted the high expression of LINC01871 in BL BC, which participates in interferon-gamma response, allograft rejection, interferon alpha, inflammatory response, IL6-JAK-STAT3, and IL2-STAT5 signaling. Additionally, the upregulation of LINC01871 was associated with improved OS and progression-free interval (PFI) in BL BC (135).

Similarly, XXYLT1-AS2 exhibits high expression in HER2-enriched BC and correlates with improved PFI in this subtype. This lncRNA positively correlates with allograft rejection, interferon-gamma response, inflammatory response, IL-2, and IL-6 signaling, while negatively correlates with EMT, hypoxia, and myogenesis. Conversely, MEG3 is highly expressed in LA BC and positively correlated with TNFα-NFκB, inflammatory response, allograft rejection, interferon-gamma response, and IL2-STAT5 signaling (135). Furthermore, the lncRNA EBLN3P is highly expressed in LB BC and is associated with improved OS. The expression of EBLN3P negatively correlates with TNFα-NFκB and allograft rejection signaling (135).

Recent findings highlighted LINC01087 as a potential promoter of the antitumoral immune response with high expression in luminal BCs. Specifically, LINC01087 demonstrated a relationship with the NFκB signaling pathway in LA and LB BC. Moreover, this lncRNA is also related to chemoattractants, chemokine, and pattern recognition receptors signaling pathways in LA BC. Elevated expression of LINC01087 downregulates oncogenic network components related to proliferation and adhesion, including the WNT/β-catenin pathway. Remarkably, the high expression of LINC01087 was correlated with improved OS and RFS in LA and LB BC patients (136). On the other hand, a recent study analyzed the expression of immune-related lncRNAs in BC, revealing differences based on hormone status. Notably, the low expression of immune-related lncRNAs ENST0000615051, lnc-DDX31, and LINC02381 was detected in ER+ BC, while reduced expression of lnc-DDX31 was observed in PR+ BC (137). Equally important, an investigation found epigenetically dysregulated lncRNAs associated with immune pathways related to inflammation, cytokines, chemokines, and T cells, depending on the BC subtype. In this context, LINC01983, UCA1, RP11-221J22.1 and RP11-221J22.2 were specific to luminal BCs, while RP1-140K8.5, AC005162.1, AC020916.2 SLC26A4-AS1, and CTC-303L1.2 were specific to BL subtype (138). These findings point out the potential of specific lncRNAs as valuable biomarkers for assessing the TIME and predicting clinical outcomes in BC patients.




4.2 LncRNA prognostic models/signatures

Recent studies have explored the combined roles of diverse immune-related lncRNAs in models/signatures, which are prognostic predictors and markers of immune landscapes in BC, indicating their potential usefulness in clinical settings (139–143). Liu et al. showed that a nomogram, based on seven immune-related lncRNAs, age, clinical stage, ER status, and BC subtype, is a predictor of OS in BC. Also, the study exhibited that low-risk patients have an enrichment of immune pathways associated with inflammation and a correlation between the infiltration of B cells, T cells, and macrophages with the risk score. In contrast, high-risk patients show a high mutational burden (144). Similarly, a signature based on five immune-related lncRNAs predicts the OS and negatively correlates with the infiltration of B cells, T cells, DCs, neutrophils, and macrophages (145). In this context, different immune-related lncRNA models/signatures are predictors of survival and metastatic status. Notably, the lncRNA models/signatures can stratify BC patients based on their risk score, associated with the enrichment of various immune-related pathways, the abundance of diverse immune cell populations, and the expression of different IC genes (Table 1).


Table 1 | Immune-related lncRNA models/signatures are prognostic predictors and markers of the TIME characteristics in BC.



Interestingly, different studies have demonstrated a relationship between tumor immune response and ferroptosis, necroptosis, pyroptosis, autophagy, and genomic instability processes (156–161). In this regard, various studies have developed prognostic lncRNA models/signatures related to these processes, which predict the TIME characteristics and immunotherapy response in BC patients (Table 2). Additional lncRNA prognostic models/signatures focused on other biological processes, such as lipid metabolism, hypoxia, glycolysis, EMT, stemness, RNA-binding proteins, endoplasmic reticulum stress, cuproptosis, lactate, oxidative stress, androgen receptor signaling pathway, mitochondrial function, aging and angiogenesis have also demonstrated to be predictors of immune landscapes characteristics in BC (176–190). However, further studies are mandatory to explore the relationship between these processes with BC immunobiology.


Table 2 | LncRNA models/signatures related to ferroptosis, necroptosis, pyroptosis, autophagy, and genomic instability are prognostic predictors and markers of the TIME characteristics in BC.







5 Potential limitations and advantages of lncRNAs for BC immunotherapy

Diverse studies have demonstrated the importance of lncRNAs in cancer biology (38–42). As discussed in this review, lncRNAs are critical players in diverse BC-intrinsic and extrinsic immune-related processes. Also, lncRNAs are potential biomarkers of patients’ TIME and clinicopathological characteristics. Previous studies have supported the potential usefulness of strategies for targeting lncRNAs in a cancer context. These approaches are mainly focused on post-transcriptional targeting [i.e., RNA-mediated interference (RNAi), Morpholino oligomers, and anti-sense oligonucleotides (ASOs)], modulation of lncRNA-expressing loci via CRISPR/Cas9-based genome editing, transcriptional upregulation through targeting natural anti-sense RNAs, steric inhibition of lncRNA function, and lncRNA tertiary structure disrupting-based strategies (43, 44, 191–193). Notably, a comprehensive study used ASOs to target LINC00624 in HER2+ BC, resulting in the inhibition of proliferation in vitro and increasing the expression of innate immune response-related genes in xenograft tumor models, supporting the role of LINC00624 as an inhibitor of the antitumoral immune response (76). In addition, a CRISPR activation screening strategy was recently used to determine the mechanistic role of LINC01198 and IL10RB-DT in BC cells, concluding an association with promoting and suppressing the antitumoral immune response, respectively (67). These findings highlight lncRNAs as attractive targets for BC immunotherapy. However, some issues must be addressed before incorporating lncRNAs in clinical settings. Firstly, most of the functional studies focused on lncRNAs, in the context of BC immunobiology, are based on targeting strategies, like CRISPR-Cas9, RNAi and ASOs, and routine functional assays in vitro and vivo (i.e., co-cultures, proliferation, migration and invasion assays). Despite these advances, there is still a gap in our understanding of the exact mechanistic role of lncRNAs; therefore, the incorporation of comprehensive functional approaches and complementary strategies to fully dissect the crosstalk of lncRNAs in signaling pathways, lncRNA tertiary structure, and lncRNAs interactions with diverse RNA species, DNA elements, chromatin, and proteins are mandatory to completely understand the versatile and complex mechanistic roles of lncRNAs in BC immunobiology. Secondly, bioinformatic studies focused on lncRNAs must be validated using experimental methodologies like flow cytometry and multiplex immunofluorescence. Thirdly, we still lack information about the tumor extrinsic roles of diverse lncRNAs in the remaining BC TIME cell components, such as B cells, MDSCs, and neutrophils. Additionally, clinical trials by FDA and EMA are mandatory for validating immune-related prognostic biomarkers and immunotherapy strategies based on lncRNAs in BC, considering the current hurdles associated with non-coding RNA therapeutics, such as on-target specificity, unwanted off-target effects, and delivery systems (43, 44, 192, 194).

Despite these challenges, lncRNAs are promising molecules for BC immunotherapy because different molecules like XIST, LINC001198, TINCR, LINK-A, and HEIH function as promoters or suppressors of the antitumoral immune response at intrinsic and extrinsic levels, demonstrated by in vivo and in vitro studies. Also, investigations based on NGS data mining from public repositories and bioinformatic analyses have elucidated the role of diverse lncRNAs like DRAIC, OSTN-AS1, LINC00944, and LINC01871 as biomarkers of the TIME and clinicopathological features in BC, highlighting lncRNAs as potential immunotherapy targets. In addition, lncRNA targeting strategies may be combined with current and approved immunotherapies based on protein and cellular targets (i.e., IC inhibitors, cytokine modulation, and immune cell-based therapies) to increase the therapeutic options, improve the response to immunotherapies and consider personalized treatments for BC patients. Also, lncRNAs like GATA3-AS1, LINC00624, TCL6, LINC00426, and MIAT have BC subtype-specific expression that can be useful for proper designing and specific implementation for patients’ stratification strategies and immunotherapies based on lncRNAs in BC in the next coming years.




6 Conclusion and perspectives

The dysregulation of lncRNAs has a crucial role in tumorigenesis and cancer progression. Mainly, various studies have reported the relevance of different lncRNAs in alterations of processes associated with cancer immunobiology. In this review, we provided the current advances in the role of lncRNAs as modulators of antitumoral immune response and the TIME in BC, as well as their role as potential biomarkers of the TIME and clinicopathological characteristics in BC patients. The pivotal role of lncRNAs in regulating antigen processing and presentation, ICs expression, infiltration, and functionality of immune cell populations, and their association with diverse prognosis parameters, highlights that lncRNAs are potential biomarkers of immune phenotypes and immunotherapy targets for BC. Limitations in our knowledge of lncRNAs in BC immunobiology are associated with the complexity of thoroughly dissecting their exact mechanistic roles and interactions. Therefore, future lncRNA research based on comprehensive functional strategies, bioinformatics approaches, and clinical trials is mandatory to fully understand the versatile and complex mechanistic and clinical roles of diverse lncRNAs in BC immunobiology. Taken together, the advances in lncRNAs have opened a novel and exciting area to dissect BC immunobiology and its potential therapeutic significance in the next coming years.
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Background

Gastric cancer (GC) is the fifth most common cancer and the second leading cause of cancer-related deaths worldwide. Due to the lack of specific markers, the early diagnosis of gastric cancer is very low, and most patients with gastric cancer are diagnosed at advanced stages. The aim of this study was to identify key biomarkers of GC and to elucidate GC-associated immune cell infiltration and related pathways.





Methods

Gene microarray data associated with GC were downloaded from the Gene Expression Omnibus (GEO). Differentially expressed genes (DEGs) were analyzed using Gene Ontology (GO), Kyoto Gene and Genome Encyclopedia, Gene Set Enrichment Analysis (GSEA) and Protein−Protein Interaction (PPI) networks. Weighted gene coexpression network analysis (WGCNA) and the least absolute shrinkage and selection operator (LASSO) algorithm were used to identify pivotal genes for GC and to assess the diagnostic accuracy of GC hub markers using the subjects’ working characteristic curves. In addition, the infiltration levels of 28 immune cells in GC and their interrelationship with hub markers were analyzed using ssGSEA. And further validated by RT-qPCR.





Results

A total of 133 DEGs were identified. The biological functions and signaling pathways closely associated with GC were inflammatory and immune processes. Nine expression modules were obtained by WGCNA, with the pink module having the highest correlation with GC; 13 crossover genes were obtained by combining DEGs. Subsequently, the LASSO algorithm and validation set verification analysis were used to finally identify three hub genes as potential biomarkers of GC. In the immune cell infiltration analysis, infiltration of activated CD4 T cell, macrophages, regulatory T cells and plasmacytoid dendritic cells was more significant in GC. The validation part demonstrated that three hub genes were expressed at lower levels in the gastric cancer cells.





Conclusion

The use of WGCNA combined with the LASSO algorithm to identify hub biomarkers closely related to GC can help to elucidate the molecular mechanism of GC development and is important for finding new immunotherapeutic targets and disease prevention.





Keywords: gastric cancer (GC), hub markers, immune cell infiltration, WGCNA, LASSO




1 Introduction

GC is one of the most common malignancies in the human digestive tract. According to Global Cancer Statistics, GC has become the fifth most frequently diagnosed cancer and the third leading cause of cancer deaths, making it a major global health crisis (1). In China, the total number of new cases of GC in 2020 was 478,000, ranking 2nd in the number of incidences of malignant tumors and 373,000 deaths, ranking 3rd in the number of deaths from malignant tumors (2). The above figures are sufficient to show that GC is highly malignant, has a low survival rate and poor prognosis and is a serious threat to human health and life.

GC is a malignant disease caused by a combination of factors, such as Helicobacter pylori infection, unhealthy lifestyle, genetics and immune cell imbalance. The pathogenesis of GC is still not fully understood, but the activation of proto-oncogenes caused by the abovementioned oncogenic factors is an important molecular mechanism. The molecular mechanisms involved in the pathogenesis of the disease still need to be further elucidated. Clinical treatments for GC based on surgical resection, chemotherapy, radiotherapy or a combination of targeted therapies have difficulty completely removing the tumor lesions, and the tumor is prone to progression or recurrence with high toxic side effects, with a 5-year survival rate of patients as low as 10% to 15% (3–5). It is important to emphasize that GC is usually asymptomatic in the early stages, and some patients are already at an advanced stage when diagnosed, with a survival rate of only 24% (6). Therefore, it is important to develop effective biomarkers for the prognosis of gastric cancer and for targeted therapy.

The tumor microenvironment (TME), due to its key role in cancer progression and drug resistance, has emerged as a potential immunotherapeutic target for a variety of malignancies, including GC. The TME consists of different cell types, including immune and inflammatory cells (lymphocytes and macrophages), stromal cells (fibroblasts, adipocytes and pericytes), small cell organelles, RNA, blood vessels and lymphatic vessels, extracellular matrix (ECM) and secreted proteins. The cells involved in the GC immune microenvironment are called tumor infiltrating immune cells (TIICs) (7). Immunotherapy in the treatment of advanced GC improves survival and is associated with good survival in GC patients, according to the results of the CheckMate 649 case study presented at the European Society for Medical Oncology (ESMO) 2020 virtual meeting (8, 9). However, recent studies have found that abnormal activation of the immune system may also be a key factor in the development of GC (10). In short, tapping into immune cell-related targets is an effective pathway to optimize tumor immunotherapy.

Due to advances in genomic technology, bioinformatics analysis of gene expression profiles has become increasingly popular in molecular mechanistic studies and is playing an increasingly important role in the discovery of disease-specific biomarkers. Weighted gene coexpression network analysis was proposed by Zhang & Horvath in 2005 as a systematic algorithm widely used for bioinformatics data, avoiding the drawbacks of traditional differential gene screening methods, which tend to miss core molecules in the regulatory process and make it difficult to explore the whole biological system, and has been widely used to screen molecular diagnostic markers or therapeutic targets for complex diseases (11, 12). This provides a new way to predict the function of coexpressed genes and to find genes that play a key role in human disease. LASSO is a regression method that allows the calculation of correlation coefficients between variables and more accurate screening of variables (13). There have been a host of studies on screening GC biomarkers based on bioinformatics methods both domestically and internationally, but there are problems with a small sample size and a single data analysis method as well as lack of further experimental verification (14–16). Thus, this article comprehensively utilizes various bioinformatics methods to integrate and analyze gene datasets from multiple platforms, and expand sample size and validated by in vitro cellular experiments, for improving the scientific nature of bioinformatics analysis, and in order to more accurately explore the pathogenesis and therapeutic targets of GC, and provide molecular biology basis and new research ideas and directions for subsequent experimental research.

Based on the above, this study used the GSE54129 and GSE65801 datasets to construct a gene weighted coexpression network by the WGCNA algorithm to screen out pivotal modules that are highly relevant to the development of GC, analyze the biological functions of the pivotal modules and use the LASSO regression model to screen key genes and validate them with the GSE118916 dataset, and then further identify important prognostic molecular markers and assess the extent of associated immune cell infiltration, with a view to providing new references for studying the development of GC, potential molecular mechanisms and therapeutic targets. Flowchart of our study was shown Figure 1.




Figure 1 | Flowchart of integrated bioinformatic analysis of hub markers and immune cell infiltration characteristics of GC.






2 Materials and methods



2.1 Expression data and clinical data collection

The flow chart of the study is shown in Figure 1. Acquisition of gene microarray data: Three gastric cancer datasets (GSE54129, GSE65801, GSE118916) were selected from the GEO database of NCBI (https://www.ncbi.nlm.nih.gov/geo/) based on the following three conditions: the samples were from human gastric tissue specimens, a case control group was available, and the number of samples was ≥20 to ensure the representativeness of the datasets. The datasets GSE79973, GSE65801 and GSE118916 were based on GPL570, GPL14550 and GPL15207, respectively. GSE54129 contained 111 cases of cancer and 21 cases of normal tissues; GSE65801 contained 32 cases of cancer and 32 cases of normal tissues; GSE118916 contained 15 cases of cancer and 15 cases of normal tissues. GSE118916 contained 15 cases of cancer and normal tissues. Detailed information is shown in Table 1.


Table 1 | The main features of 3 selected datasets included in this analysis.






2.2 Cells

The normal gastric cell line (GES-1) and gastric cancer cell line (MKN-45) were obtained from iCell Bioscience Inc., (Shanghai, China).




2.3 Data processing and analysis

The main analysis software used in this study was Rstudio desktop version, which is based on the Integrated Development Environment (IDE) for the R language, with better visualization, operability and simplicity. R packages are a collection of R language functions, example data and precompiled code. The main R packages used in this study are “WGCNA”, “clusterprofiler” and “ggpubr”.



2.3.1 Data preprocessing

The downloaded raw data were preprocessed for information extraction, background correction and normalization, construction of gene expression matrices, and conversion of probe names to gene names, followed by the next step of analysis.




2.3.2 Screening of differentially expressed genes (DEGs)

The R language (version 4.1.2) limma data package (Linear Models for Microarray Data) was used to normalize the data and screen for differentially expressed genes. |LogFC|>1 and corrected P<0.05 were used as conditions to screen for upregulated and downregulated genes. The pheatmap and ggplot packages in R language were used to plot heatmaps and volcano maps for DEGs, respectively.




2.3.3 Construction of protein interaction networks

A protein interaction network (PPI) of differential genes was constructed using the String (http://string-db.org/) database, with an interaction score >0.4 as the threshold condition. The PPI network was imported into Cytoscape software for visualization, and the connectivity of the nodes was calculated. The systematic analysis of the interactions of a large number of proteins in biological systems is important for understanding the working principles of proteins in biological systems, the response mechanisms of biological signals and energy substance metabolism in specific physiological states such as diseases, as well as understanding the functional connections between proteins.




2.3.4 Gene Ontology (GO) enrichment analysis of DEGs and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis

GO analysis is a common method for enrichment studies of gene functions, which are classified into three categories: biological process (BP), molecular function (MF) and cellular component (CC). KEGG is a database that integrates a large amount of information on genomes, diseases, biological pathways and system functions. The GO function analysis and KEGG pathway analysis of differentially expressed genes were performed using the R 4.1.2 software clusterProfiler and enrichplot tools to derive the biological functions of DEGs, setting FDR P<0.05.




2.3.5 Gene set enrichment analysis

Gene set enrichment analysis (GSEA) is a computational method in which all sequenced genes are first sorted in descending order of difference, and then the input gene set is ranked to determine its enrichment in different biological functions and signaling pathways.

GSEA is a computational method used to determine whether a set of a priori defined genes show statistically significant and consistent differences between two biological states. The downloaded GEO matrix files were collated and grouped into GC and normal groups. To verify the functional differences between the normal and GC groups in the dataset, we performed gene function enrichment analysis on the set of genes between the two groups using the gene set enrichment analysis (GSEA) method. The raw data were calculated by R language with corresponding P.adjust, q value, P value and log2 gene expression fold-change (FC). GSEA was performed using the cluster Profiler package, which is available on the Molecular Characterization Database website (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp), to obtain the corresponding analysis. Pathways with |NES|>1, P<0.05 and FDR q<0.25 were generally considered to be significantly different.




2.3.6 Construction of weighted gene coexpression networks

Genes with expression greater than all quartiles of variance were extracted and then imported into the R software platform “WGCNA” package to construct a GC-weighted gene coexpression network. Sample clustering trees were drawn, outlier samples were excluded, and sample numbers in the gene expression matrix were ensured to correspond to sample numbers in the clinical information. The optimal soft threshold β was calculated by the scale-free network, followed by the construction of the adjacency matrix by the power of the β operation. The topological overlap matrix (TOM) was then established to measure the similarity between genes, and the topological overlap matrix was used as the basic element to construct a hierarchical clustering tree. The dynamic hybrid cut method was used to divide and merge the modules and to draw the gene tree. After module partitioning, the module eigengene (ME) was calculated for each module and correlated with the clinical traits of GC patients and normal subjects, and the Pearson correlation coefficient was used to calculate the degree of correlation between the module eigenvectors and the clinical traits of the sample.




2.3.7 Hub gene screening

To find the true core target genes, we took intersections of previously analyzed differential gene datasets and genes from the characterization module with the help of Venn plots. The relevant genes were then screened and used for further analysis.




2.3.8 LASSO regression model building and ROC curve analysis

The LASSO regression model can calculate the correlation coefficients of the independent variables and incorporate the independent variables with coefficients that are not zero into the model, thus achieving dimensionality reduction. It can effectively avoid overfitting in dealing with high-dimensional data, multivariate covariance problems and overall variable selection and provides conditions for extracting characteristic genes. Receiver operating characteristic (ROC) curves are used to evaluate the accuracy of the model. After plotting the ROC curve, the area under the curve (AUC) value can be calculated, which is a probabilistic value that indicates the accuracy of the prediction model; the higher the AUC value, the better the model can classify the sample. In this study, the LASSO regression model was used to screen key genes that were highly correlated with the development of GC, and ROC curves were plotted to evaluate the accuracy of the LASSO regression model.




2.3.9 Analysis of immune cell infiltration and its correlation with characteristic hub genes

Tumor-infiltrating immune cells were assessed using the ssGESA algorithm to estimate the proportion of immune cells in the tumor tissue. These immune cells included macrophage, central memory CD4 T cell, activated CD8 T cell, activated memory CD4 T cell, type 17 T helper cell, neutrophil and 28 other species. To improve accuracy, samples were screened at P< 0.05, and histograms of the proportion of each immune cell in all eligible samples, heatmaps of correlations between immune cells and violin plots of the proportion of immune cells in GC tissue versus normal tissue samples were plotted. Spearman correlation analysis was then used to analyze the association between hub genes and the 28 immune infiltrating cells, with correlation coefficients greater than 0 being positive and correlation coefficients less than 0 being negative, and the absolute value of the correlation coefficient representing strong, weak or no correlation, with P ≤ 0.05 being considered statistically significant.




2.3.10 Cell culture and RT-qPCR validation

Normal and cancer cells were cultured in RPMI-1640 medium (Gibco) at 37 °C with 5% CO2, and 10% fetal bovine serum (Gibco) and 1% penicillin-streptomycin solution (Gibco) were added to all media, and the cells could be processed for passaging when they were logarithmically grown.

Total RNA was extracted from normal gastric cells (GES-1) and gastric cancer cells (MKN-45) using TRIzol. Real-time fluorescence quantitative PCR was performed using HiScript® II Q RT SuperMix kit and SYBR Green Master Mix (Vazyme, Nanjing, China). Data were normalized to the GAPDH expression level of the internal reference control, and the relative expression levels of hub genes in different groups were calculated using the 2-ΔΔCt method. The primers were synthesized and designed by wuhan huayan Biotechnology CO., LTD (Wuhan, China). The primer sequences are shown in Table 2.


Table 2 | RT-qPCR primer sequences.






2.3.11 Statistical analysis

Analysis of variance results were obtained by R software (version 4.2.3), and t-test was used for comparison between the two groups, with P<0.05 being a significant difference.






3 Results



3.1 Screening of DEGs

After merging and eliminating the batch effect of the GSE54129 and GSE65801 datasets, 133 differentially expressed genes were screened to obtain a heatmap and volcano map using differential genes. In this paper, the differentially expressed genes were analyzed by hierarchical clustering using the”pheatmap” package in R. The top 50 differentially expressed genes heatmap was output, with red representing increasing gene expression levels and green representing decreasing gene expression levels. Differential gene expression profiles existed between the normal control and GC groups (Figure 2A). The volcano plot (Figure 2B) can reflect the overall gene expression, the horizontal coordinate represents -log10 (corrected P value), the vertical coordinate represents log (fold change), each point represents a gene, red points represent differential gene expression upregulation, green points represent differential gene expression downregulation, and black points represent differentially expressed genes that are not significant.




Figure 2 | Differentially expressed genes between GC patients and healthy controls. (A) Heatmap of the top 50 up- and down-regulated genes. (B) DEGs volcano plot between healthy controls and GC tissue.






3.2 Results of functional enrichment analysis of DEGs and their PPI construction

GO enrichment analysis of 133 differential genes was performed using the clusterProfiler package in R. The differential genes were normalized in terms of biological pathways involved, function and cellular localization (Table 2). The GO analysis showed that these genes were mainly involved in the following biological processes: extracellular matrix organization, extracellular structure organization, external encapsulating structure organization and digestion. The main MF categories included extracellular matrix structural constituent, peptidase regulator activity, extracellular matrix structural constituent conferring tensile strength, and glycosaminoglycan binding. The main CCs were collagen-containing extracellular matrix, endoplasmic reticulum lumen, collagen trimer and basal cells (Figure 3A). KEGG pathway analysis revealed that these genes were mainly enriched in gastric acid secretion, ECM-receptor interaction, protein digestion and absorption and amino acid metabolism (Figure 3B). To further understand the potential connections between the proteins, we constructed a PPI network of DEGs with a PPI enrichment P value of <1.0e-16. The network consisted of 263 edges and 131 nodes with tight connections between nodes (Figure 3C). Furthermore, GSEA showed that the gene set was mainly enriched in the normal group of macrophages, B cells, CD4 T cell, T cell, cytokines and immune organs (Figures 4A, B), and the top 5 significantly enriched gene sets in normal control group and GC group see Table 3 for details.




Figure 3 | Functional enrichment analysis of DEGs and their PPI construction. (A) GO enrichment analysis. The first circle indicates the name of the GO; the second circle represents the number of genes on each GO. (The redder the color, the more significant the enrichment of DEGs); the third circle indicates the number of differential genes enriched on each GO term; and the fourth circle represents the proportion of genes. (B) KEGG pathway enrichment analysis. The different line colors indicate the different pathways to which they belong. Yellow dots are pathways, with larger dots indicating more genes involved. The other dots represent genes, the redder the gene the higher the expression level in GC patients and vice versa, the bluer the color. The top eight pathways for significant enrichment of differential genes were demonstrated. (C) Protein-protein interaction (PPI) network.






Figure 4 | Enrichment plot for GSEA. (A) Active gene sets in healthy controls. (B) Active gene set in GC group.




Table 3 | Top 5 significantly enriched gene sets in normal control group and GC group.






3.3 Identification of key modules based on WGCNA

The downloaded dataset was first preprocessed, and samples were screened to remove missing values to ensure reliable network construction, yielding 196 samples and 17,348 genes for subsequent analysis in the construction of WGCNA. A hierarchical clustering tree was created based on dynamic hybrid cuts using scale-free coexpression networks and topological overlap. Based on the scale-free topology criterion, the optimal soft threshold β = 6 was determined based on the scale-free fit index R2 = 0.9. A total of nine modules were obtained by dynamic hybrid cutting (Figures 5A,  B), corresponding to the colors black, blue, brown, green, green-yellow, gray, magenta, pink and purple, and the numbers of module genes were 223, 2574, 446, 614, 101, 115, 159, 201 and 125, in that order. The most relevant hub modules to GC were screened by calculating the correlation coefficient (R) and P value for each module (Figure 6A). The heatmap from this study shows that the pink module (201 genes) was highly positively correlated with GC (R = 0.63, P = 2e-23) (Figures 6B, C), and subsequently, the 201 core genes of the pink module (cor = 0.41, P = 1.5e-09) were screened for subsequent analysis based on GS > 0.5 and MM > 0.8 (Figure 6D).




Figure 5 | (A) Soft thresholds for determining the best scale-free topological model fit index (left) and average connectivity (right), with the red horizontal line indicating R2 = 0.9. (B) The distribution of the connectivity of each node in the network (left) and node degree power distribution (right).






Figure 6 | Identification of key modules based on WGCNA. (A) GC-related gene clustering dendrogram. In the figure, the top half is a hierarchical clustering tree diagram of the genes, and the bottom half is the gene modules, or network modules. Genes with relative relatedness are located on the same or adjacent branches. (B) Heatmap of correlation analysis of the modules and clinical traits. (C) Gene significance in the modules. (D) Scatter plots of GS score and MM for genes in the pink module.






3.4 Screening for hub genes

Thirteen crossover genes were obtained after taking the intersection of the DEG dataset and the gene set in the feature module (Figure 7A). Subsequently, LASSO analysis was used to screen three genes from the crossover genes as pivotal genes for GC, including ADH7, CWH43 and SCNN1B (Figures 7B, C).




Figure 7 | LASSO screening for hub genes. (A) Venn diagram of intersecting genes between DEGs and the pink module. (B) Coefficients distribution trend of LASSO regression. (C) Distribution of hub genes in cross validation.






3.5 Identification and validation of differential expression analysis of key genes and their diagnostic value

The screened hub genes were extracted for expression to construct differential expression box plots. The differential expression box plot showed that all three key genes were underexpressed in GC patients (P < 0.001) (Figure 8A). The AUC areas for the three gene models were 0.868, 0.845 and 0.877, respectively (Figure 9A), indicating that the model is highly accurate and that ADH7, CWH43 and SCNN1B may be involved in affecting the development of GC. Subsequently, the independent dataset GSE118916 was used as the validation dataset to identify their expression levels and diagnostic value to further validate the clinical application of the pivotal genes. The results showed that the expression levels of ADH7, CWH43 and SCNN1B in the GC group were significantly lower than those in healthy controls in the validation set (P < 0.001), which was consistent with the results of the training set data (Figure 8B). ROC curves were used to further validate the diagnostic value of the three pivotal genes in the validation dataset. The results showed that ADH7, CWH43 and SCNN1B had high diagnostic value with AUC values of 0.942, 0.987 and 0.964, respectively (Figure 9B).




Figure 8 | Expression levels of the three Hub genes between the normal control and GC groups. (A) Boxplot of these hub genes in the training dataset. (B) Boxplot of hub genes in the validation dataset. (***P<0.001).






Figure 9 | Diagnostic value of the three genes. (A) ROC curves of hub genes in the training dataset. (B) ROC curves of hub genes in the validation dataset.






3.6 Analysis of immune cell infiltration and its correlation with characteristic hub genes

Immune cell infiltration was assessed by the ssGSEA algorithm on tissue samples from the dataset, involving a total of 28 immune cell species. The majority of immune cells were found to be highly infiltrated in GC tissue (Figure 10A). Among them, activated CD4 T cell, activated dendritic cell, CD56 bright natural killer cell, γδ T cell, immature dendritic cell, MDSC, macrophage, mast cell, monocyte, natural killer T cell, natural killer cell, plasmacytoid dendritic cell, regulatory T cell, T follicular helper cell, type 1 helper cell, central memory CD4 T cell and regulatory T cell were extremely significantly increased in GC tissues (P<0.001), and activated CD8 T cell (P=0.006), neutrophil (P=0.003), type 2 helper cell (P=0.004) and e 0.004) and effector memory CD8 T cell (P=0.036) were also significantly increased in GC tissue. In contrast, activated B cell (P=0.535), CD56bright natural killer cell (P=0.600), eosinophil (P=0.284), immature B cell (P=0.065), type 17 T helper cell (P=0.275), effector memory CD4 T cell (P=0.095), memory B cell (P=0.182) and central memory CD8 T cell (P=0.535) did not differ significantly in GC tissue (Figure 10B). We then performed a correlation analysis to further explore the association of the hub genes with the 28 immune cells. We found that ADH7, CWH43 and SCNN1B were significantly associated with type 1 helper cell, T follicular helper cell, regulatory T cell, plasmacytoid dendritic cell, natural killer T cell, and natural cells. In addition, CWH43 and SCNN1B were also negatively correlated with type 1 helper cell, macrophages and γδ T cell (P<0.05). Interestingly, SCNN1B was also negatively correlated with activated CD4 T cell (P<0.001, P<0.01, P<0.05). ADH7 and CWH43 were significantly positively correlated with CD56 bright natural killer cell (P<0.05), while SCNN1B was significantly positively correlated with monocyte (P<0.01) (Figure 10C). These results suggest that hub genes may influence malignant tumor progression by regulating the abundance of infiltrating immune cells in the nodal GC tumor microenvironment.




Figure 10 | Analysis of immune cell infiltration and its correlation with characteristic hub genes. (A) Heat map of immune cell infiltration between normal control and GC group (B) Violin diagram of the difference in immune cell infiltration between normal controls and GC. (C) Analysis of the association of 3 Hub genes with immune cells.






3.7 Expression of hub genes in two groups of cells

To verify our predicted results, we did further validation by in vitro cellular experiments. As shown in Figure 11, it was confirmed that ADH7, CWH43 and SCNN1B all showed low expression in gastric cancer cells (p < 0.05). This is consistent with the results of our bioinformatics analysis.




Figure 11 | RT-qPCR validation of hub gene mRNA in different groups. The data presented are means ± SD (n=3). #P <0.05 and ##P <0.01 relative to the control group.







4 Discussion

In recent years, the understanding of the pathogenesis of gastric cancer has been deepened, and a series of targeted drugs have been explored continuously, but the current exploration of gastric cancer targets is not comprehensive and in-depth enough for a multitarget, multilevel systemic therapy (17). Therefore, it is of great clinical importance to expand the research and discovery of potential targets for gastric cancer. Based on the multilevel concept of “disease-phenotype-molecule”, combined with the application and development of computer technology and artificial intelligence in the field of medical biology, bioinformatics has become one of the necessary tools for molecular marker research based on big data, which can be used to screen molecular markers related to disease phenotypes (18, 19). Individualized treatment and predictable outcomes of molecular pathways associated with gastric cancer have opened up many research directions, such as the use of molecular markers as useful tools in clinical work to assist in the diagnosis and treatment of gastric cancer patients, to assess the efficacy of treatments and to explore new therapeutic modalities (20, 21).

In this study, we obtained gastric cancer and normal tissue gene microarray datasets from the GEO database and performed DEG analysis on these combined datasets. GO and KEGG analyses showed that gastric cancer tissues differed significantly from normal tissue cells in BP, CC, and MF, mainly in biological processes such as collagen catabolic processes, extracellular matrix disassembly, and collagen protofibril tissue synthesis. The differential cellular components included extracellular regions, protein extracellular matrix, collagen trimer, etc., and both BP and CC play an important role in the migration of tumor cells. The extracellular matrix (ECM) is a loose connective tissue located outside the cell and contains a variety of biomolecules, such as collagen, adhesion factors, glycoproteins, and cytokines (22). It is physiologically important in intercellular signaling, intercellular interactions and regulation of cell proliferation, differentiation and migration (23). The ECM has been shown to be an independent risk factor for lymph node metastasis in early gastric cancer. Furthermore, the overall results of KEGG enrichment suggest that GC is accompanied by disturbed gastric acid secretion, amino acid metabolism and energy metabolism. The answer to this phenotype is well documented in the previous literature. Tumor cells are able to survive and proliferate in a nutrient-poor microenvironment through metabolic reprogramming, where abnormal glucose metabolism plays an important role in maintaining the malignant character of the tumor (24). Tumor cells obtain the energy necessary for growth and proliferation by glycolysis, even in conditions of adequate oxygen (25). Excessive gastric acid promotes the progression of gastric cancer. Gastrin, an inducer of gastric acid secretion, has been shown to be a valuable screening marker for gastric cancer (26, 27).

Most studies are currently based only on systems biology methods or machine learning algorithms for cancer marker screening. The use of a single systems biology approach or machine learning algorithm for data analysis may lead to some missing data or too much confounding data, so the combination of two or more methods can improve the confidence in the results (28). In this study, three biomarkers, ADH7, CWH43 and SCNN1B, were included in the model that used multiple bioinformatics methods to screen for gastric cancer. Based on the literature available to date, ADH7 belongs to the alcohol dehydrogenase family, a gene expressed mainly in the upper gastrointestinal tract, and has been shown to be involved in the metabolism of xenobiotics by cytochrome P450: it is associated with the metabolism of ethanol that occurs in gastroesophageal tissues and is then absorbed into the bloodstream. In addition, single nucleotide polymorphisms in ADH7 are susceptibility factors for cancer and drug dependence (29). SCNN1B encodes the β subunit of the epithelial sodium channel (ENaC), which is involved in the control of transepithelial transport of water and electrolytes and cell differentiation in different organs. Current studies on ENaC in cancer have shown that in breast cancer and neuroblastoma, SCNN1A gene silencing caused by hypermethylation in the promoter region of the SCNN1A gene, which encodes the α subunit of ENaC, is the main reason for the poor prognosis of patients with these tumors and diseases. Recently, SCNN1B was found to inhibit the growth and metastasis of gastric cancer cells, and the expression level of SCNN1B was positively correlated with the survival rate of gastric cancer patients and reduce the expression level of Glucose-Regulated Protein 78 [GRP78, Recent studies have also found that GRP78 expression is elevated in cancer cells and plays an important role in the development of cancer tumors (30, 31)]. In addition, activation of downstream proteins leads to caspase-dependent apoptosis and cell cycle arrest through induction of the unfolded protein response (UPR) (32–34). A recent study identified CWH43 as a prognosis-related gene in colorectal cancer (CRC), but little is known about its function (35).

The GC tumor microenvironment is highly complex and heterogeneous, tumor-associated immune cells play a role in tumorigenesis, development, invasion and metastasis, and the type and proportion of their infiltration are closely related to the clinical outcome of patients (36, 37). Therefore, the investigation of immune cell infiltration and its correlation with characteristic hub genes is also important for the pathogenesis, prevention and treatment of GC. In this study, we used ssGSEA to assess the expression levels and dynamic regulatory processes of 28 immune cell types in GC. The results showed significant differences in the pattern of immune cell infiltration between normal gastric and GC tissues, which to some extent indicated an imbalance in the immune response in GC. Tumor-associated macrophages (TAMs) are important components of the gastric cancer tumor microenvironment, which can influence the malignant biological behavior of gastric cancer and play a key role in gastric carcinogenesis and metastasis (38, 39). In the tumor microenvironment, TAMs secrete a large number of inflammatory factors, growth factors, chemokines and proteases through crosstalk with gastric cancer cells and various other cells, which play an active role in tumor growth, inhibition of apoptosis, angiogenesis and lymphatic metastasis (40, 41). In addition, myeloid inhibitory cells (MDSCs) are diverse bone marrow progenitor cells that produce arginase 1 (ARG1) to promote tumor cell growth and suppress immune cell function (42). CD4 T cells can be differentiated into four main subpopulations: Th1 cells, Th2 cells, regulatory cells (Tregs) and Th17 cells. The imbalance in the ratio of T lymphocytes alters the immune microenvironment of tumors, thus facilitating the proliferation, invasion and metastasis of tumor cells. Immunosuppressive effector cells modulate the intensity of the body’s immune response, attenuate immune damage, and mediate immune escape by suppressing the antitumor immune response, thereby promoting tumor progression. Previous studies have shown that a large number of immune cells and inflammatory factors are present in the tumor microenvironment of GC, and the number and phenotype of immune cell subpopulations in GC tissues are closely related to the development of GC and the prognosis of patients (43–45). To further reveal the potential mechanism of the differential expression of hub genes on the predictive value of the immune microenvironment in GC, this study analyzed these markers with infiltrating immune cells and found that the expression of these three biomarkers was significantly and negatively correlated with the level of immune infiltration of immune cells that were significantly upregulated in GC. This suggests that these genes may influence the progression of GC by affecting the level of immune infiltration as well as the interactions between immune cells. In short, these correlations may reveal potential molecular mechanisms underlying GC development and suggest that ADH7, CWH43 and SCNN1B play important roles in the GC immune microenvironment.

Although there are potential suggestions from this study for the early detection of gastric cancer and the corresponding treatment, there are still some limitations to consider. First, the sample size used in this trial may limit the generalizability of the study findings, and therefore, further evaluation in a larger cohort and in a different population would provide stronger evidence. Second, this study primarily utilized retrospective transcriptome analysis data and lacked validation. Therefore, in vitro, in vivo and prospective data still need to be collected to validate the real-world clinical significance of the identified DEGs and core genes in relation to gastric carcinogenesis, progression and prognosis. Finally, more experiments are needed to elucidate the upstream regulatory pathways and downstream mechanisms of the identified key differentially expressed genes.

In conclusion, the present study screened and validated the key genes ADH7, CWH43 and SCNN1B, which are significantly associated with GC development, based on the GEO public database, through a combination of WGCNA and lasso regression models, providing a molecular basis for the early diagnosis and treatment of GC, as well as for immunotherapy research and the development of new targeted drugs.
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Background

Soft tissue sarcoma (STS) is a class of malignant tumors originating from mesenchymal stroma with a poor prognosis. Accumulating evidence has proved that angiogenesis is an essential hallmark of tumors. Nevertheless, there is a paucity of comprehensive research exploring the association of angiogenesis-related genes (ARGs) with STS.





Methods

The ARGs were extracted from previous literature, and the differentially expressed ARGs were screened for subsequent analysis. Next, the least absolute shrinkage and selection operator (LASSO) and Cox regression analyses were conducted to establish the angiogenesis-related signature (ARSig). The predictive performance of the novel ARSig was confirmed using internal and external validation, subgroup survival, and independent analysis. Additionally, the association of the ARSig with the tumor immune microenvironment, tumor mutational burden (TMB), and therapeutic response in STS were further investigated. Notably, we finally conducted in vitro experiments to verify the findings from the bioinformatics analysis.





Results

A novel ARSig is successfully constructed and validated. The STS with a lower ARSig risk score in the training cohort has an improved prognosis. Also, consistent results were observed in the internal and external cohorts. The receiver operating characteristic (ROC) curve, subgroup survival, and independent analysis further indicate that the novel ARSig is a promising independent prognostic predictor for STS. Furthermore, it is proved that the novel ARSig is relevant to the immune landscape, TMB, immunotherapy, and chemotherapy sensitivity in STS. Encouragingly, we also validate that the signature ARGs are significantly dysregulated in STS, and ARDB2 and SRPK1 are closely connected with the malignant progress of STS cells.





Conclusion

In sum, we construct a novel ARSig for STS, which could act as a promising prognostic factor for STS and give a strategy for future clinical decisions, immune landscape, and personalized treatment of STS.
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Background

Sarcomas are a class of malignant tumors originating from mesenchymal tissue, about 80% of which originate from soft tissue and 20% from bone (1). Among them, soft tissue sarcoma (STS) comprises more than 70 histological subtypes, and the most frequently observed subtypes are leiomyosarcoma, liposarcoma, synovial sarcoma, and rhabdomyosarcoma (2). Although STS is relatively rare, it has a high lethality. According to statistics, more than 5,800 sarcoma patients die yearly in the United States, accounting for 40% of new cases (3). Since it the highly aggressive with early relapse and metastasis, the clinical outcome of STS is not ideal (4). Previous studies have demonstrated that the 5-year survival rate after diagnosis of STS is only 55.5-56.5%, and the patients with metastasis or recurrence are only about 20% (3, 5). Overall, the prognosis of the patient with STS remains dismal, and the development in recent years seems to have gotten stuck in a bottleneck. Therefore, it is urgent to find reliable biomarkers for early diagnosis, risk stratification, and prognosis prediction of STS.

Angiogenesis is the process of forming new blood vessels from pre-existing ones, which offers an adequate metabolic supply and nutrients for tumor growth and is widely considered to play an essential role in tumorigenesis and development (6). With the sustained rapid cellular proliferation and a high metabolic rate of tumor cells, the rapid development of new vascular networks is often required, which is driven by angiogenic factors such as the vascular endothelial growth factor (VEGF) family, hypoxia-inducible factors (HIFs), and fibroblast growth factors (FGFs) (7). Tumor angiogenesis not only supplies nutrients and natural migration pathways for tumors but also promotes tumor progression and regulates the tumor microenvironment (8). Accordingly, targeted tumor angiogenesis therapy has been investigated as a potential anti-tumor therapeutic approach. For instance, anlotinib, a multikinase angiogenesis inhibitor, shows an anti-tumor ability in several STS entities (9). In addition, the identification of promising angiogenesis-related markers and signatures has also been pursued as an attractive strategy for tumor diagnosis and prognostic evaluation. Yuan Yang et al. established a prognosis signature rely on angiogenesis-related genes (ARGs), which can help to predict prognosis, immune infiltration status, and chemotherapy sensitivity in hepatocellular carcinoma (10). However, it remains unclear whether angiogenesis-related signatures (ARSig) can be used in the prognosis and therapy prediction of STS.

Herein, we first constructed a novel signature for STS based on the ARGs, which exhibited excellent predicted performance for the prognosis of STS. Subsequently, the functional enrichment analysis was conducted to investigate the underlying mechanisms. Additionally, the relationships between the ARSig and the tumor immune microenvironment, immune therapy response, and the sensitivity of chemotherapeutic agents were investigated using a serial bioinformatic analysis. It may provide a promising predictor for prognosis prediction and clinical management of STS.





Methods




Data collection

The expression profile, copy number variation (CNV), somatic mutation, and clinical characteristics of the STS cohort were downloaded from The Cancer Genome Atlas database (TCGA, https://www.cancer.gov/aboutnci/organization/ccg/research/structural-genomics/tcga). The individual lacking survival information and other clinicopathological features were excluded from subsequent analysis, and the R package “GeoTcgaData” was utilized to convert ensemble ids to gene symbols. In addition, the expression and clinical data of the three independent cohorts (GSE17674, GSE21050, and GSE71118) were extracted from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) database. The clinical information of the above patients is shown in Tables S1-S3. The R package “AnnoProbe” was applied to map probes, and the R package “limma” was applied to calculate the average values of multiple probes. Among them, the GSE17674 gene set was utilized to identify differentially expressed ARGs, while GSE21050 and GSE71118 cohorts were considered external validation cohorts for the validation analysis. For normalization, the RNA-sequencing data was converted by log2. The ARGs were obtained from previous literature, and their detailed information is shown in Table S4 (11, 12).





Identification of differentially expressed ARGs in STS

The R package “limma” was utilized to screen the differential expressed gene with |log2FC| ≥1 and false discovery rate-adjusted P-value ≤ 0.05 (13, 14). Then, the Venn graph was used to confirm the DEARGs. The visualization used the volcano plots and heatmaps based on the R package “ggplot2” and “heat map.” The principal component analysis (PCA) was performed to explore the distribution differences of samples.





Screening of DEARGs related to the prognosis of STS

To explore the relevance between the DEARGs and the prognosis of STS, we applied the univariate COX regression analysis screening the DEARGs related to prognosis in STS. The screen criteria were set as P-values < 0.05, and these prognostic DEARGs were selected for subsequent signature construction.





Derivation of angiogenesis-related signatures

All TCGA-STS cohorts (n=260) were randomly split into the training cohort (n=130) and testing (n=130) cohort by “caret” package in R software. In the training cohort, the least absolute shrinkage and selection operator (LASSO) regression analysis was performed to identify candidate signature ARGs from the prognostic DEARGs. Subsequently, the candidate signature ARGs were included in the multivariate Cox regression analysis to construct the optimal ARSig. The ARSig risk score of each STS individual was computed as the following: ARSig risk score = βi*Xi (βi and Xi represent the regression coefficients and expression level of gene i, respectively). Next, every STS cohort was divided into high- and low-risk groups according to the median risk score of the training cohort. To compare the difference in the overall survival (OS) between the distinct ARSig risk groups, we then performed Kaplan-Meier (KM) survival analysis using the “survival” package. In addition, the receiver operating characteristic (ROC) curve and the area under the curve (AUC) were used to assess the predictive accuracy of the novel ARSig (15). The distribution of ARSig risk score and survival status were plotted in R software.





Evaluation and validation of the novel ARSig

To estimate the credibility of the novel ARSig, we performed the internal and external validation based on the training cohort, the entire cohort, GSE21050, and GSE71118. The above analyses were also conducted in the internal and external validation cohorts. Moreover, the subgroup clinical survival analysis based on different clinical features was performed to investigate the general applicability of the novel ARSig. To assess whether the novel ARSig was an independent indicator of OS in STS, we performed univariate and multivariate Cox regression analyses by combining multiple clinical characteristics. In addition, prognostic signatures for STS based on gene expression were systematically searched from PubMed for predictive performance comparison. Table S5 includes previously published prognostic models collected in this study.





Identification of DEGs and functional enrichment analysis

We performed differential expression analysis and functional enrichment analysis to explore the difference in molecular function between the distinct risk groups. Initially, the differentially expressed genes (DEGs) were screened using the limma package. The criterion for screening DEGs was false discovery rate-adjusted P-value < 0.05 and | logFC | > 0.585. Also, the volcano and heat map was applied to visualize the differential expression analysis results. Subsequently, the functional enrichment analysis based on these DEGs was performed utilizing the “clusterProfiler” package, including Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis (16). The functional enrichment analysis results were visualized using the bubble plot.





Identification of top ten hub genes

The “GOSemSim” package was used to conduct the Friend analysis for screening the hub gene (17). The association between the signature ARGs and each hub gene was investigated utilizing Pearson’s correlation analysis. Then, the difference in the expression of these hub genes between the low- and high-risk groups was compared. The KM survival analysis was applied to explore the relationship between the expression of each hub gene and the OS of patients with STS.





Gene set enrichment analysis and Gene set variation analysis

To identify the enriched cellular pathways in the high- and low-risk STS cohort, we performed GSEA and GSVA analyses (18, 19). For GSEA, the KEGG gene set (c2.cp.kegg.v7.4.symbols.gmt) was extracted from The Molecular Signatures Database. Then, the GSEA was carried out using the “clusterProfiler” package, and the result was visualized using the R software. Meanwhile, the R package “GSVA” was applied to conduct GSVA analysis, and the limma package was employed to compare the difference in the enriched pathways between the low- and high-risk groups. The pathways with |logFC| > 0.15 and false discovery rate-adjusted P-value < 0.05 were considered significantly enriched pathways and illustrated in clustered heat maps.





Relationship of ARSig with Tumor Microenvironment, immune checkpoints, and immune cell infiltration in STS

Besides, the association of the novel ARSig with TME and Immune Cell Infiltration was explored in our study. First, we assessed the TME score using the ESTIMATE (Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data) algorithm (20). The TME score consists of immune, stromal, and tumor purity scores. Then, the CIBERSORT algorithm was utilized to assess the abundance of immune infiltrating cells (21). Generally, the immune checkpoint gene expression is closely associated with the sensitivity of immunotherapy. Therefore, we obtained the immune checkpoints from previous literature and compared their expression level between the distinct risk groups. Furthermore, the connection between the TME score and immune cell infiltration with the prognosis of STS was investigated by KM survival analysis.





Mutation and CNV analysis

To explore the relationships between the ARSig and somatic mutations, we analyzed mutation annotation data from the TCGA database using the “maftools” package. Next, the tumor mutation burden (TMB) scores for each STS patient were calculated, and the difference in the TMB scores between the two risk groups was compared by statistical analysis. In addition, the mutations of the genes with mutation Top 20 in the low- and high-risk groups were visualized using waterfall plots. Furthermore, we analyzed the association of the ARSig risk scores with the cancer stem cell (CSC) index.





Immunotherapy response and drug sensitivity analysis

To further guide the treatment selection for STS, we assess the responses to immunotherapy and chemotherapeutic agent in STS. The response to immunotherapy inhibitors (anti‐CTAL‐4 and anti‐PD‐L1) of STS patients in the distinct risk groups was evaluated by the Subclass Mapping (SubMap) algorithm (22). The Bonferroni correction was employed to correct the P-value of the test level, and the Bonferroni P-value less than 0.05 was considered a statistical significance. For chemotherapy drug sensitivity comparison, the R package “pRRophetic” was applied to determine the half maximal inhibitory concentration (IC50) (23). Then, the Wilcoxon sign-rank test was applied to compare the IC50 of chemotherapy agents between the two different risk groups.





Establishment of a predictive nomogram

Based on the multivariate Cox progression analysis result, a nomogram composed of independent prognostic factors was constructed using the R package “rms.” (24). Additionally, the calibration curve and decision curve analysis (DCA) draws utilizing the R packages “caret” and “rmda”, which could assess the predictive reliability of the nomogram. Moreover, we further conducted the ROC curve to estimate the predictive performance of the nomogram by using the “survival ROC” package in R software.





Cell lines and cell culture

The sources of the cell lines used in the present study were all described in previous research (25). All the cell lines were cultured in Dulbecco’s modified Eagle’s medium (DMEM, Procell) containing 10% fetal bovine serum and 1% penicillin-streptomycin solution. Cell cultures were performed at 37°C in a humidified atmosphere containing 5% CO2.





Quantitative reverse transcription PCR

Total RNA was collected using RNA Express Total RNA Kit (New Cell & Molecular Biotech), and RNA was reverse transcribed utilizing the Revert Aid First Strand cDNA Synthesis Kit (Thermo Scientific), according to the manufacturer’s instructions. Next, RT-qPCR was performed by Hieff qPCR SYBR Green Master Mix (High Rox Plus) (YEASEN Biotech Co., Ltd). The GAPDH was applied for the internal reference for normalization. The relative expression of each gene was calculated with the 2-ΔΔCT method. The specific primer sequences used in the present study are shown in Table S6.





Cell transfection

Negative control (NC), ADRB2, and SRPK1 siRNAs were purchased from Hanbio (Shanghai, China). SW872 cells were seeded in a 6-well plate. When cell area reached 50%, 50nmol NC, ADRB2, and SRPK1 siRNAs were separately transfected into cells using 5uL Lipofectamine 2000 reagent (Invitrogen) for 12 hours. The sequence of siRNA used in our research is illustrated in Table S7.





Cell proliferation assays

Cell counting kit-8 (CCK-8, New Cell & Molecular Biotech) was used to detect the viability of SW872 cells. SW872 cells were placed in a 96-well plate (2000 cells per well) and incubated overnight. Cells were transfected and cultured for indicated times (0, 24, 48, 72, and 96 hours). In each well was added 10ul CCK-8 solution combining 90ul DMEM containing 10% FBS. After 1.5 hours of incubation, the optical absorbance at 450nm was measured with a microplate reader.





5-Ethynyl-2’-Deoxyuridine assays

EdU assays (RiboBio) were performed to determine cell proliferation. After transfection, SW872 cells were seeded in 14 ul slippers in 12-well plates. After 48 hours of incubation, cells were cultured using 50um EdU reagent (diluted with DMEM containing 10% FBS at 1:1000) for 2 hours at 37°C. Then, fixed with 4% paraformaldehyde (PFA) and stained with Hoechst solution (diluted with DMEM containing 10% FBS at 1:100).





Colony-forming assays

The colony-forming assays were carried out for cell proliferation detection. After transfection, 1000 SW872 cells were seeded in 6-well plates and cultured for 2 weeks. Cells were fixed in 4% PFA for 15 minutes and stained with 0.2% crystal violet for 15 minutes.





Wound healing assay

Wound healing assays were performed to reveal the migration capacity. SW872 cells were placed in different 6-well plates and underwent transfection when the cell area reached 70%. When cell confluence reached 100%, wound healing assays were performed using a 100ul pipette tip to scratch the cells to make a separate wound. Afterward, wounded cells were washed with PBS, and the remaining cells were cultured in DMEM containing 2% FBS. Migration capacity was evaluated by light microscope by quantifying the area covered by migrated cells at 0 and 48 hours.





Transwell assays for migration

After the above-mentioned transfection, Transwell migration assays were carried out using a 24-well chamber (Corning). Cells (2 x 104) were suspended in 100ul DMEM and added to the upper layer of chambers. 700ul DMEM containing 10% FBS was added below the chambers. Cells were cultured for 24 hours at 37°C, and then the upper chambers were cleaned with cotton swabs. SW872 cells penetrated and adhered to the bottom of the chamber and were fixed with 4% PFA for 15 min and stained with 0.5% crystal violet for 15 min. Chambers were imaged under a microscope.





Transwell assays for invasion

After the transfection, Transwell invasion assays were used to examine cell invasion ability. First, 50ul Matrigel (diluted using DMEM containing 10% FBS at 1:8) was loaded in a 24-well chamber (Corning). DMEM containing 10% FBS was added to the lower chamber, and suspension of DMEM containing 5 x 104 cells was added to the upper chamber. After incubation for 24 hours at 37°C, the upper chambers were cleaned with cotton swabs. SW872 cells penetrated and adhered to the bottom of the chamber and were fixed with 4% PFA for 15 min and stained with 0.5% crystal violet for 15 min. Chambers were imaged under a microscope.





Statistical analysis

The R software (version 4.0.1) and GraphPad Prism (version 9.0.0) were used for statistical analysis. The difference between the two distinct risk groups was compared with the Wilcoxon test. A Chi-square test was used to analyze the clinicopathological characteristics of the two risk groups. The difference in the overall survival rate of STS between the high- and low-risk groups were compared using the Log-rank test. The expression of signature ARGs between normal and STS cell line was evaluated by one-way analysis of variance (ANOVA). The Pearson correlation test was applied to explore the correlation between two variables. A P-value less than 0.05 represent a statistically significant difference.






Results




Establishment and validation of the novel ARSig for STS

The flow chart of our study is presented in Figure S1. Initially, we identify 5499 DEGs (3900 upregulated and 1599 downregulated) in the STS cohort through differential expression analysis. The volcano and heat map of these DEGs is presented in Figures 1A, B. The PCA analysis indicates that the STS and normal tissue samples could be clearly separated by the combined expression of these DEGs (Figure 1C). Next, we obtained 1605 ARGs from previous studies. From the intersection between DEGs and ARGs, we identify 511 DEARGs in STS, including 403 upregulated and 108 downregulated ARGs (Figure 1D). The upregulated and downregulated ARGs are shown as cluster heatmaps and volcano plots in Figure S2. Subsequently, we find 116 DEARGs relevant to the prognosis of STS by univariate analysis (Table S8), which are enrolled for the angiogenesis-related signature construction. For ARSig construction, we first screen the candidate prognostic DEARGs through LASSO Cox regression analysis (Figures 1E, F). Next, the multivariate Cox regression analysis is applied to optimize the signature (Figure 1G). As a result, the novel ARSig composed of five prognostic DEARGs (ADRB2, SRPK1, SQSTM1, SULF1, and MAGED1) is established. According to the multivariate analysis results (Table S9), the formula of ARSig risk score calculation is as follows: Risk score = SRPK1* 1.15110386815651 - ADRB2* 0.420077308273549 - SQSTM1* 0.428083645117686 - SULF1* 0.176496892249047 + MAGED1*0.3588603726472 31. Figures 1H, I indicates the risk score and survival status distribution of each STS individual. With the risk score increasing, the number of STS deaths also increases. Consistently, the KM analysis suggests that the STS patients with a lower risk score displayed a significantly improved survival rate than those with a higher risk score (Figure 1J). Furthermore, the AUC of the ROC curve for 1-, 3-, and 5-year survival was 0.835, 0.843, and 0.801, respectively, which indicated the predictive power of the novel ARSig (Figure 1K).




Figure 1 | Development and validation of the novel ARSigs for the STS cohort. (A) Volcano plot of the DEGs (B) Heatmap of the DEGs among tumor and normal tissue. (C) Principal component analysis (PCA) based on DEGs to distinguish STS from normal tissues. (D) Venn diagram among DEGs and ARGs. (E) LASSO regression analysis of 116 prognostic DEARGs (F) Cross-validation method to select candidate signature genes. (G) Multivariate Cox regression analysis of signature gene. (H-I) Risk score curve and survival status distribution of STS cohort in the entire group. (J) KM survival analysis of the high and low-risk groups in entire groups. (K) Assess the prognostic performance of the novel ARSig using the ROC curve in the entire group. (L-M) Risk score curve and survival status distribution in the GSE21050 cohort. (N) KM survival analysis of the high and low-risk groups in the GSE21050 cohort. (O) Assess the prognostic performance of the novel ARSig using the ROC curve in the GSE21050 cohort. (P-Q) Risk score curve and survival status distribution in the GSE71118 cohort. (R) KM survival analysis of the high and low-risk groups in the GSE71118 cohort. (S) Assess the prognostic performance of the novel ARSig using the ROC curve in the GSE71118 cohort.



To estimate the predictive robustness of the novel ARSig, we performed internal validation in the testing and the entire STS cohort. As shown in Figures S3-4, we observed similar results in the training and the testing STS cohort. We also use the external cohort (GSE21050 and GSE71118 cohort) to verify the predictive performance of the novel ARSig (Figures 1L-S). Consistent with the results from the internal cohort, the distribution plot and Kaplan–Meier survival analysis indicated that the STS in the low-risk group exhibit a better prognosis than those in the high-risk groups. In aggregate, these results confirmed that the novel ARSig had a promising performance in predicting the prognosis of patients with STS.





Evaluating the performance of novel ARSig

To determine the prognostic generality of the novel ARSig, we further compared the risk score between distinct clinical subgroups and carried out a subgroup KM survival analysis. There was no significant difference in the risk score distribution between the distinct clinical subgroup, indicating that the novel ARSig was relatively independent of the clinical characteristics (Figures 2A-E, S5). In addition, the subgroup survival analysis demonstrates that the low-risk group patients have an improved OS comparing to the high-risk subgroup in distinct clinical features (age, gender, margin status, metastasis status, and new tumor events. Figures 2F-J). Importantly, we also implement univariate and multivariate Cox regression analyses to investigate whether the novel ARSig is an independent prognostic factor for STS patients. The univariate analysis indicates that the risk score, age, margin status, metastasis, and new tumor events are remarkably associated with OS (Figure 2K). Encouragingly, the multivariate analysis result further confirmed that the ARSig risk score is an independent prognostic indicator affecting the OS of STS (Figure 2L). Moreover, we also found that the c-index of our signatures based on ARGs performs better than almost all previous signatures (Figure S6).




Figure 2 | Evaluation of the predictive performance of the novel AGSig. (A-E) Boxplots of the risk score in STS were stratified by age, gender, margin status, metastasis, and new tumor events, respectively. (F-J) Prognostic value of risk score in patients with different ages, gender, margin status, metastasis, and new tumor events, respectively. (K) Univariate Cox regression analysis of angiogenesis-related risk score and clinical characteristics. (L) Multivariate Cox regression analysis of angiogenesis-related risk score and clinical characteristics. (M) A nomogram based on ARSig risk score and independent clinical factor for predicting 1-, 3-, and 5-year OS of STS. (N) Calibration curves. (O) The ROC curves for nomogram. (P) Decision curve analysis plot.



To facilitate the clinical application of the novel ARSig, we further construct a nomogram incorporating the ARSig risk score and independent clinical factor. According to the nomogram, we could precisely estimate the 1-year, 3-year, and 5-year survival rates of each STS individual (Figure 2M). Encouragingly, the calibration curves exhibits that the actual values of the 1-, 3-, and 5-year OS match those predicted by the nomograph, indicating the nomogram we built is reliable and accurate (Figure 2N). The 1-, 3-, and 5-year area under the ROC curve of the nomogram are 0.854, 0.763, and 0.787, respectively (Figure 2O). Also, the DCA demonstrates that the nomogram has the best clinical net benefit comparing with other variables (Figure 2P). Overall, these findings show that the novel ARSig is successfully constructed and exhibited reliable and has excellent performance for the OS prediction of STS.





The signature ARGs in STS

Subsequently, we perform the KM survival analysis to investigate the respective prognostic value of each signature ARG. Similarly, we find that the STS patient with mitigation of ADRB2 and SQSTM1 has poorer OS (Figures 3A, B), while the augmented levels of MAGED1, SRPK1, and SULF1 seem to account for a better prognosis in STS (Figures 3C-E). Collectively, these results imply that the abnormal expression of these signature ARGs might be relevant to the prognosis of STS.




Figure 3 | Gene functional enrichment analysis of differentially expressed genes between distinct risk groups. KM survival curves for ADRB2 (A), SQSTM1 (B), MAGED1 (C), SRPK1 (D), and SULF1 (E). (F-G) The volcano plot and heatmap of DEGs among the low- and high-risk risk group. (H) GO enrichment analysis includes a biological process (BP), cellular component (CC), and molecular function (MF). (I) KEGG enrichment analysis indicates related genes and pathways. (J) The Friends analysis of GO-related genes. (K) The correlation between these ten hub genes and each signature ARG. (L-U) The expression of these ten hub genes in STS.







Functional enrichment analysis and angiogenesis-related hub genes in STS

To comprehend the difference in the functional pathways among the distinct risk groups, we identify 1006 DEGs between the low- and high-risk groups (Figures 3F, G). Then, the functional enrichment analysis is conducted based on these DEGs. The GO analysis results indicate that these DEGs are mainly enriched in immune-related functions, like humoral immune response, humoral immune response mediated by circulating immunoglobulin, regulation of humoral immune response, immunoglobulin complex, and immunoglobulin receptor binding (Figure 3H). Also, Figure 3I shows the top twenty pathways these DEGs enriched. Among them, the Human T−cell leukemia virus 1 infection, Viral protein interaction with cytokine and cytokine receptors, and Antigen processing and presentation are immune-related, while the Cell adhesion molecules are associated with tumorigenesis. Moreover, we define ten potential hub genes (AHNAK2, GPC2, DBNDD2, OLFM1, SCRG1, TNFAIP8L2, FILIP1L, CYSTM1, PARM1, and NCAPG) in the identified angiogenesis-associated GO progress through the Friend analysis (Figure 3J). We observe a remarkably co-expression relevance between the signature ARGs and these ten hub genes (Figure 3K). Almost all these hub genes display an abnormal expression in the STS compared to normal tissue, except for SCRG1 (Figures 3L-U). Equally, the KM survival also suggests that all ten hub genes exhibit significant prognostic effects in STS (Figure S7).





Exploring the underlying pathways in STS

To further verify the molecular mechanism difference between the distinct risk groups, we perform the GSEA and GSVA analysis. The GSEA shows that the high-risk STS patient mainly associated with tumorigenesis pathways, such as basal cell carcinoma, cell cycle, DNA replication, hedgehog signaling pathway, and Wnt signaling pathway (Figure S8A). Meanwhile, those mainly enriched pathways in the low-risk group are relevant to immunity function (Figure S8B). In the following GSVA analysis, we obtain results consistent with the previous GSEA, such as the low risk mainly concentrated in complement and coagulation cascades, chemokine signaling pathway, and graft versus host disease (Figure 4A). Altogether, these results provide promising clues for inferring the underlying mechanism of the novel ARSig regulating STS progress.




Figure 4 | Analysis of immune status based on the angiogenesis-related risk score. (A) Heat maps of GSVA exhibit signaling pathways between low- and high-risk groups. (B-D) Comparison of immune, stromal, and tumor purity scores between the high- and low-risk groups. (E-G) Prognostic value of immune, stromal, and tumor purity score in STS. (H) The abundance of 22 infiltrating immune cell types in the two risk subgroups. (I) The proportion of B cells naive, T cells CD8, T cells CD4 memory resting, T cells CD4 activated, NK cell resting, Monocytes, Macrophage M0, Macrophage M1, Dendritic cell resting, Dendritic cell activated, and Mast cell resting in the different risk groups. (J) The correlation between the ARSig risk score and the infiltration of immune cells. * represent P < 0.05, ** represents P < 0.01, *** represents P < 0.001, and ns represent no significance.







TME and immune cell infiltration analysis

Given these above functional enrichment analysis results and the critical role of tumor immunity in tumor development, we further investigate the immune status among the various ARSig risk groups. Initially, the ESTIMATE analysis indicates that the low-risk STS patients displayed an enhanced immune and stromal score and a lower tumor purity score, hinting the STS cohort in the low-risk group has a better immune infiltration (Figures 4B-D). Also, we find that both the patients with an augmented immune and stromal score or an attenuated tumor purity score exhibits an ameliorated prognosis (Figures 4E-G). Subsequently, we evaluate the infiltrate proportion of the 22 types of immune cells in STS by applying the CIBERSORT algorithm (Figure S9A). We observe that the abundance of naive B cells, CD8 T cells, CD4 memory resting T cells, Monocytes, M1 Macrophage, resting dendritic cells, and resting mast cells are elevated in the low-risk groups, while the infiltration level of CD4+ T cells, Resting NK cells, M0 Macrophage, and activated dendritic cell in the low-risk group is lower than those in the high-risk groups (Figures 4H, I). Besides, there are remarkable correlations between the ARSig risk score and signature ARGs with the proportion of the immune cell infiltration (Figures 4J; S9B). Notably, the KM survival demonstrates an enhanced infiltration level of naive B cells, activated NK cells and CD8 T cells are relevant to an improved prognosis in STS (Figures S9C-E). Contrary, the patients with an increasing abundance of M0 Macrophage, M2 Macrophage, and CD4+ T cells have a poorer OS (Figures S9F-H).




Figure 5 | Correlation between the novel ARSig and Tumor mutation status. (A-C) The relationships between angiogenesis-related risk score and CSC index. (D) TMB score among different risk groups. (E) The Spearman correlation analysis of the angiogenesis-related risk score and TMB score. (F-G) The difference in Mutations between distinct risk groups (the top 20 mutated genes). (H) Frequencies of CNV gain, loss, and non-CNV among signature ARGs and ten hub genes. (I) The location of signature ARGs and ten hub genes on chromosomes. (J-K) The difference in CNV loss and gain between the low- and high-risk groups.







Association of the novel ARSig with tumor mutation burden

Considering the importance of CSC and TMB in tumor generation and development, we explore their association with the novel ARSig. Figures 5A–C indicates the relationship between ARSig risk scores and the CSC index. We find that risk score is positively correlated with the CSC index, and the STS patients with a lower CSC index exhibits an ameliorated prognosis. For TMB, the higher risk is correlated to an elevated TMB score (Figures 5D, E). Also, the waterfall plot indicates that TP53, TTN, and RB1 are the top three mutation rate genes in the low-risk group (Figure 5F). Similarly, TP53 shows the highest mutation frequency in the high-risk group, followed by ATRX and MUC16 (Figure 5G). Then, we investigate somatic copy number alterations in these signature ARGs and hub genes. Among them, MAGED1, AHNAK2, and TNFAIP8L2 have widespread CNV increases, while OLFM1 and SCRG1 display CNV decreases (Figure 5H). The locations of the CNV alterations in these genes on their respective chromosomes are presented in Figure 5I. We further observe that the high-risk group company with an elevated frequency of copy number amplification compared to the low-risk group (Figures 5J, K).





Prediction efficacy of the immunotherapy and chemotherapy

Immune checkpoint modulators are known to play a critical role in tumor immunity and immunotherapy. We find that the expression of virtually all immune checkpoints is upregulated in the low-risk group compared with the high-risk group (Figure S10). Therefore, we further assess the response to immune checkpoint inhibitors (CTLA4-blocker and PD1-blocker) in the subgroup classified by ARSig risk score. As present in Figure 6A, the STS patients in the low-risk groups have a better response to PD1-blocker (Bonferroni P-value < 0.05). Equally, we estimate the response of the STS cohort to commonly used chemotherapeutic agents by comparing the difference in IC50 between the distinct risk groups. The STS cohort in the low-risk group has a higher IC50 of axitinib, cisplatin, cytarabine, docetaxel, doxorubicin, gemcitabine, midostaurin, pazopanib, vinblastine, vinorelbine, and vorinostat than those in the high-risk group (Figures 6B-L). In contrast, the IC50 of lenalidomide, erlotinib, and gefitinib in the low-risk group is lower than those in the high-risk group (Figures 6M-O).




Figure 6 | Different immunotherapy and chemotherapy sensitivity analyses. (A) The immunotherapy responses to immune checkpoint inhibitors in the STS cohort with a different risk score. (B-O) Relationships between ARSig risk score and chemotherapeutic sensitivity.







The effect of signature ARGs in STS

Importantly, we verify the expression of each signature ARG in the STS cell lines using RT-qPCR. As shown in Figure S11, we observe that the whole signature ARGs are significantly dysregulated in STS cell lines. Considering that ARDB2 and SRPK1 are aberrantly elevated in the STS, we further explore the function of ARDB2 and SRPK1 in STS. As shown in Figures 7A, 8A, the expressions of SRPK1 and ARDB2 were significantly down-regulated in SW872 cells after siRNA transfection. The CCK8 results show that the attenuation of SRPK1 and ARDB2 could lead to the slowing down of the proliferation rate of SW872 (Figures 7B, 8B). Consistently, the colony-forming ability of SW872 is attenuated with the downregulation of SRPK1 and ARDB2 (Figures 7C, 8C). Also, compared to negative control groups, the percentage of EdU-positive cells exhibits a downward trend in the siRNA-SRPK1 and siRNA-ARDB2 groups (Figures 7D, 8D). On the other hand, the scratch test indicates that the moving distance of SW872 in the siRNA-SRPK1 and siRNA-ARDB2 group was significantly less than that of the control group (Figures 7E, 8E). Moreover, the transwell migration and invasion assay reveal that the SRPK1 and ARDB2 diminished could inhibit SW872 cell migration and invasion (Figures 7F, G, 8F, G). Hence, these above-mentioned results imply that the abnormal overexpression of ARDB2 and SRPK1 could promotes the malignant phenotype of soft tissue sarcoma cells, further validating our bioinformatic analysis results.




Figure 7 | Down-regulated SRPK1 inhibits soft tissue sarcoma proliferation, migration, and invasion. (A) SRPK1 was transfected with siRNA for 48 hours. (B) The cell proliferation rate of NC, SRPK1-siRNA1, and SRPK1-siRNA2 groups were detected by CCK-8 assay. (C) Colony formation abilities in NC, SRPK1-siRNA1, and SRPK1-siRNA2 groups. Colony numbers were shown in the corresponding column at the right. (D) The cell proliferation rate of NC, SRPK1-siRNA1, and SRPK1-siRNA2 groups was detected using Edu-assay. Percentages of Edu-positive cells were quantified in corresponding columns at right. (E, F) The migration ability of NC, S SRPK1-siRNA1, and SRPK1-siRNA2 groups was illustrated by scratch tests and transwell assay for migration. (G) The invasion abilities of NC, SRPK1-siRNA1, and SRPK1-siRNA2 groups were demonstrated using transwell assay for invasion. ** represents P < 0.01, *** represents P < 0.001, and **** represents P < 0.0001.






Figure 8 | Down-regulated ADRB2 inhibits soft tissue sarcoma proliferation, migration, and invasion. (A) ADRB2 was transfected with siRNA for 48 hours. (B) The cell proliferation rate of NC, ADRB2-siRNA1, and ADRB2-siRNA2 groups was detected by CCK-8 assay. (C) Colony formation abilities in NC, ADRB2-siRNA1, and ADRB2-siRNA2 groups. Colony numbers were shown in the corresponding column at the right. (D) The cell proliferation rate of NC, ADRB2-siRNA1, and ADRB2-siRNA2 groups was detected using Edu-assay. Percentages of Edu-positive cells were quantified in corresponding columns at right. (E, F) The migration ability of NC, ADRB2-siRNA1, and ADRB2-siRNA2 groups was illustrated by scratch tests and transwell assay for migration. (G) The invasion abilities of NC, ADRB2-siRNA1, and ADRB2-siRNA2 groups were demonstrated using transwell assay for invasion. ** represents P < 0.01, *** represents P < 0.001, and **** represents P < 0.0001.








Discussion

STS is a heterogeneous malignant disease deriving from mesenchymal, constituting 1% of adult malignancies and 15% of malignant neoplasms in childhood (26). Since the aggressiveness, metastasis, and relapse of tumor, the overall survival rates of STS remain suboptimal. Therefore, it is critical to establish an effective prognostic biomarker for risk stratification and precision prognostic prediction of STS. Angiogenesis has been revealed to play a crucial role in carcinogenesis and progression, which is highly dependent on angiogenic cytokines (27, 28). For instance, the secretion of VEGF is essential to tumor vascularization, and its inhibition disrupts tumor progression (29). HIF1 is a heterodimeric protein consisting of HIF1α and HIF1β subunits, and it is also known to be an important stimulus for tumor angiogenesis (30). In addition, several recent research has demonstrated that the angiogenesis-related gene signature was closely linked to the prognosis of various cancer patients. Xin Qing et al. identified an angiogenesis-associated genes signature, contributing to predicting the prognosis, clinical characteristics and TME of gastric cancer (12). Similarly, the angiogenesis-related gene signature exhibited a promising ability for the prognosis and treatment response prediction of glioblastoma multiforme and will help the therapeutic strategies selection in glioblastoma multiforme (11). However, numerous studies have only evaluated the role of single ARGs in STS. The research systematically elucidates the holistic impact of the combinatorial of diverse ARGs is still lacking.

In the present study, we identified 116 DEARGs with prominent prognosis significance of STS. Subsequently, a novel ARSig consisting of five angiogenesis-associated genes was successfully established using LASSO, univariate, and multivariate COX regression analysis. The novel prognostic ARSig exhibited an effective ability to stratify the prognosis of STS. Our results show that the STS patients in the low-risk groups have an improved prognosis, while the prognosis of STS in the high-risk group is significantly poorer. Next, the prediction performance of the novel ARSig is further confirmed using the ROC curve, internal validation, and subgroup survival analysis. In addition, the univariate and multivariate Cox analysis demonstrate that the ARSig risk score is an independent prognostic predictor for the OS of STS. Encouragingly, a consistent validation result in predicting OS is also founded in the external cohort (GSE21050 and GSE71118), which further corroborate the reliability and potential of our signature. Herein, we construct a novel prognostic signature based on ARGs, which could be used as a reliable and independent marker to help conduct personalized prognostic evaluations in STS.

To further investigate the association of the novel ARSig with STS, we explore the difference in underlying mechanisms between the two distinct risk groups using GSEA and GSVA. Interestingly, we observe that the GSEA and GSVA results both show that the STS patients with a higher risk score mainly enriched in cell cycle, DNA replication, and hedgehog signaling pathway. As is known to all, growing evidence has confirmed that these pathways are involved in the progression of various tumors. For instance, PLA2G10 could promote the cell cycle progression of soft tissue leiomyosarcoma cells through upregulated of the expression of cyclin E1 and CDK2 (31). The dysregulated of DNA replication results in abnormal gene phenotypes that trigger normal cells to transform into malignant ones (32). In addition, the hedgehog signaling pathway also plays a vitally important role in the tumor. Dongdong Cheng et al. prove that CNOT1 cooperates with LMNA to aggravate the occurrence of osteosarcoma by regulating the Hedgehog signaling pathway (33). On the contrary, the patients in the low-risk group seem relevant to immune-related responses, which may affect the tumor immunity microenvironment of STS. Given these results and previous studies, it is reasonable to believe that these identify pathways provided novel insights into the relationship between the novel ARSig and tumor biology of STS.

Meanwhile, ten key hub genes (AHNAK2, GPC2, DBNDD2, OLFM1, SCRG1, TNFAIP8L2, FILIP1L, CYSTM1, PARM1, and NCAPG) are determined using the Friend analysis, which is associated with the prognosis of STS. The Friends analysis is a commonly used method for identifying hub genes in the pathway (34). Surprisingly, the functional role of these ten hub genes in tumor has been widely reported in previous studies. AHNAK2 has been shown to be a prognostic marker in papillary thyroid cancer, clear cell renal cell carcinoma (ccRCC), and lung adenocarcinoma (35–37). Minglei Wang et al. reveal that the overexpression of AHNAK2 could drive tumorigenesis and progression of ccRCC by facilitate EMT and cancer cell stemness (36). FILIP1L is a tumor suppressor with diminished expression in various tumors (38). For instance, the downregulation of FILIP1L causes the aberrant stabilization of a centrosome-associated chaperone protein, thereby driving aneuploidy and progression in colorectal adenocarcinoma (39). Guoming Chen et al. demonstrate that GPC2 could sreve as a Potential prognostic, diagnostic, and immunological biomarker in pan-cancer (40). In addition, it is revealed that the elevated TNFAIP8L2 inhibit the survival and proliferation of colorectal cancer cell line, while endogenous TNFAIP8L2 facilitate the tumorigenesis when exposure to dangerous environment (41). NCAPG is overexpressed in cardia adenocarcinoma (CA), which could suppress the apoptosis and advocate the epithelial-mesenchymal transition of the CA cell line via activating the Wnt/β-catenin signaling pathway (42). Consistently, OLFM1 could inhibit the growth and metastasis of colorectal cancer cells through affect the NF-κB signalling pathway (43). Also, the oncogenic potential and important role of PARM1 in leukemogenesis were proved by Cyndia Charfi et al., which could promote anchorage and cell proliferation capacity (44). However, research on the role of SCRG1, DBNDD2 and CYSTM1 in tumorigenesis and development is currently lacking. Collectively, these hub genes exhibit a significant association with tumors, representing a promising clue for future biomarker research in STS.

It has shown that the tumor immune microenvironment is closely relevant to the progression and invasion, with the tumor immune microenvironment receiving considerable attention past few years (45). In the low-risk group, the immune and stromal scores and the abundance of immune infiltration augmented significantly, indicating the STS cohort with a low-risk score has a better immune status. Consistently, previous research has demonstrated that immune infiltration is an ignored prognostic factor for tumor (46), and the ameliorated immunity status was related to the prognosis of STS (47). Interestingly, we observe a decreased M0 infiltration and enhanced M1 macrophage infiltration degree in the low-risk group, and the STS patient with more M0 and M2 macrophage infiltration degrees has an attenuated prognosis. As we all know, macrophages are very versatile cells with a high degree of plasticity and have various functions in various pathological processes (48). Macrophages are broadly categorized into M1 classically activated macrophages, and M2 alternatively activated macrophages (49). Among them, M1 macrophages have anti-tumour effects, while M2 macrophages have pro-tumour effects (50). Therefore, it is reasonable to believe that the infiltration degree of macrophages may partly account for the different tumor immune microenvironment among distinct risk groups, and the different immune status is closely correlated with the prognosis of STS in different ARGsig risk groups.

Recently, immunotherapy has become a promising strategy, which is expected to become the predominant anti-tumor treatment in the future (51). However, not all malignancies benefit from immunotherapy (52). Therefore, stratifying and differentiating patients is necessary for the effectiveness of immunotherapy (53). In the present study, we observe that the low-risk STS patients had an elevated expression of immune checkpoint genes. Similarly, the STS cohorts with low ARSig risk scores exhibits a positive response for anti-PD1, indicating the novel ARSig has a potential ability to predict response to immunotherapy in STS. Also, chemotherapy is another important alternative therapeutic method for patients with STS (54). We find that the low-risk STS cohort responded better to lenalidomide, erlotinib, and gefitinib, while the high-risk STS patients are more sensitive to axitinib, cisplatin, cytarabine, docetaxel, doxorubicin, gemcitabine, midostaurin, pazopanib, vinblastine, vinorelbine, and vorinostat. It may help clinicians choose an appropriate chemotherapy plan based on the risk score. In general, the novel ARSig we presented may provide insight into the individualized immunotherapy and chemotherapy of STS.

Notably, we finally detect the expression levels and the effect of signature ARGs using in vitro experiment in the STS cell line, and the result shows that there was a significant difference in the expression of these ARGs among the STS and control cells, increasing the credibility of our study. It is worth mentioning that some ARGs have been demonstrated to be associated with the malignant progression of cancer. For example, the ARDB2 signaling could facilitate the progression and sorafenib resistance of hepatocellular carcinoma via inhibited autophagic degradation of HIF1α (55). SRPK1 is frequently overexpressed in gastric cancer, resulting in tumor cell growth by regulating the small nucleolar RNA expression (56). Consistently, our study reveals that ARDB2 and SRPK1 could promote the proliferation, migration, and invasion ability of SW872. As a member of ARGs, the specific mechanism by which SRPK1 and ARDB2 play a role in angiogenesis is also worth exploring. Currently, studies have reported that the inhibition of SRPK1 can reduce the expression of pro-angiogenic VEGF, thereby maintaining the production of anti-angiogenic VEGF isoforms (57). Also, Yingwei Chang et al. proved that the SRPK1 could affect the angiogenesis via the PI3K/Akt signaling pathway (58). However, the mechanism of ARDB2 in angiogenesis remains unclear. Hence, these results further confirm the reliability of our study, but the specific mechanisms of ARDB2 and SRPK1 in the angiogenesis of STS are worth further exploration in the future.





Conclusion

Briefly, our study reveals that the identified ARSig is a robust prognostic marker for OS prediction in patients with STS. Furthermore, the stratification base on the novel ARSig could guide the clinical decision, tumor immune microenvironment prediction, personalized immunotherapy and chemotherapy of STS. It is reasonable to believe that our study offers a valuable basis for further research.
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Background

Hypermethylated in Cancer 1 (HIC1) was originally confirmed as a tumor suppressor and has been found to be hypermethylated in human cancers. Although growing evidence has supported the critical roles of HIC1 in cancer initiation and development, its roles in tumor immune microenvironment and immunotherapy are still unclear, and no comprehensive pan-cancer analysis of HIC1 has been conducted.





Methods

HIC1 expression in pan-cancer, and differential HIC1 expression between tumor and normal samples were investigated. Immunohistochemistry (IHC) was employed to validate HIC1 expression in different cancers by our clinical cohorts, including lung cancer, sarcoma (SARC), breast cancer, and kidney renal clear cell carcinoma (KIRC). The prognostic value of HIC1 was illustrated by Kaplan-Meier curves and univariate Cox analysis, followed by the genetic alteration analysis of HIC1 in pan-cancer. Gene Set Enrichment Analysis (GSEA) was conducted to illustrate the signaling pathways and biological functions of HIC1. The correlations between HIC1 and tumor mutation burden (TMB), microsatellite instability (MSI), and the immunotherapy efficacy of PD-1/PD-L1 inhibitors were analyzed by Spearman correlation analysis. Drug sensitivity analysis of HIC1 was performed by extracting data from the CellMiner™ database.





Results

HIC1 expression was abnormally expressed in most cancers, and remarkable associations between HIC1 expression and prognostic outcomes of patients in pan-cancer were detected. HIC1 was significantly correlated with T cells, macrophages, and mast cell infiltration in different cancers. Moreover, GSEA revealed that HIC1 was significantly involved in immune-related biological functions and signaling pathways. There was a close relationship of HIC1 with TMB and MSI in different cancers. Furthermore, the most exciting finding was that HIC1 expression was significantly correlated with the response to PD-1/PD-L1 inhibitors in cancer treatment. We also found that HIC1 was significantly correlated with the sensitivity of several anti-cancer drugs, such as axitinib, batracylin, and nelarabine. Finally, our clinical cohorts further validated the expression pattern of HIC1 in cancers.





Conclusions

Our investigation provided an integrative understanding of the clinicopathological significance and functional roles of HIC1 in pan-cancer. Our findings suggested that HIC1 can function as a potential biomarker for predicting the prognosis, immunotherapy efficacy, and drug sensitivity with immunological activity in cancers.





Keywords: HIC1, pan-cancer, genetic alternation, prognosis, immune microenvironment, immunotherapeutic efficacy, drug sensitivity





Introduction

Cancer is a great threat to human health and is one of the major causes of death, which ubiquitously affects people globally and brings a great economic burden to society (1). Immunotherapy, mainly including immune checkpoint inhibitors (ICIs) and adoptive cell therapy (ACT), has led to the revolution of anti-cancer treatments and attracted the attention of tumor immunology (2). However, only a fraction of cancer patients can respond to current cancer immunotherapies, and most patients have innate or acquired immunotherapeutic resistance (3, 4). The tumor immune microenvironment, including tumor-infiltrating immune cells, and immune-related biomolecules, is critically involved in cancer initiation and development, and recent work has verified novel targets in the tumor immune microenvironment for cancer immunotherapy (5). By dissecting the mechanisms underlying cancer immunotherapy resistance, the tumor immune microenvironment has been confirmed as a major location for immunoresistance to occur (6). Therefore, it is warranted to explore critical modulators mediating the tumor immune microenvironment and novel biomolecules to predict the immunotherapeutic efficacy of cancer patients.

Hypermethylated in Cancer 1 (HIC1), located on chromosome 17p13.3 completely within a CpG island, is a tumor repressor that is widely expressed in normal tissues, however, is generally lowly expressed with methylation in several cancers, such as prostate cancer, breast cancer, and pancreatic cancer (7–9). In 1995, HIC1 was first discovered and was found to be activated by p53 (10). Chen et al. indicated that the loss of HIC1 function could induce the development of cancer by activating the deacetylase SIRT1, subsequently downregulating the expressions of p53 (11). Interacting with several major repression and chromatin remodeling complexes, including CtBP, NuRD, PRC2, and SWI/SNF, HIC1 is recognized as a multifaceted transcriptional repressor. Besides, it has been found that HIC1 is involved in multiple physiological processes and oncology, such as embryonic development, DNA damage repair, and angiogenesis (12). For instance, the abundant methylation status of 11 CpG sites within the HIC1 promoter has been detected in cell lines, tissues, and plasma of patients with prostate cancer compared with normal controls. Restoration of HIC1 expression could suppress the proliferation, migration, and invasion and induce the apoptosis of prostate cancer cells (7). In bladder cancer, ZBTB7A can bind to the HIC1 promoter, and decreased HIC1 expression can promote the malignant behavior of bladder cancer cells (13). Recent work has suggested the regulatory roles of HIC1 in ferroptosis during cancer progression. It has been found that HIC1 controlled several pro-ferroptosis genes transcriptionally, such as HBA1, and promotes ferroptosis in liver cancer (14). Notably, several studies have reported controversial findings indicating the potential oncogenic functions of HIC1 (15). Generally, HIC1 plays a critical role in various cancers, however, there is no pan-cancer analysis of HIC1 and the immune-mediating functions of HIC1 in cancers are largely unknown.

In this research, we presented and validated the HIC1 expression landscape in different cancers, and its association with the prognosis of cancer patients was also explored. Moreover, we also explored the genetic alternation characteristics and the potential biological functions and signaling pathways of HIC1. Furthermore, the potential functions of HIC1 in mediating the tumor immune microenvironment and predicting the immunotherapeutic efficacy and drug sensitivity were further investigated. Our results highlighted that HIC1 plays an important role in the progression and therapy of various cancers, thereby offering new insight into cancer immunotherapy.





Materials and methods




Data collection

The normalized TCGA pan-cancer dataset was downloaded from the UCSC database (https://xena.ucsc.edu/) (16), and the expression data of HIC1 of each sample in 33 cancers was extracted. In addition, expression profiles of different cancer cell lines were also downloaded from the Broad Institute Cancer Cell Line Encyclopedia (CCLE) portal database (https://portals.broadinstitute.org/ccle/about) and HIC1 expression levels in 21 cancer cell lines were also investigated. Moreover, the expression levels of HIC1 in normal tissues were assessed by expression profiles from Genotype-Tissue Expression (GTEx) database (https://www.gtexportal.org/). Differential expression analysis between cancer samples and their corresponding normal samples in the TCGA pan-cancer. Besides, we also confirmed the differential expression of HIC1 between tumor samples in the TCGA pan-cancer database and normal samples in the GTEx database. Finally, we explored differential HIC1 expression among patients with different clinical stages. The abbreviations of 33 cancer types are presented in Table S1.





Prognostic analysis of HIC1

The correlation of HIC1 expression with overall survival (OS), disease-specific survival (DSS), disease-free survival (DFS), and progression-free survival (PFS) was evaluated through utilizing TCGA pan-cancer survival data by univariate Cox regression analysis, and the results were visualized by forest map. Kaplan–Meier curves with log-rank p values were further employed to illustrate the differential survival outcomes between of high-HIC1 expression and low-HIC1 expression groups in different cancers. R-packages “survival”, “survminer”, “forestplot”, “limma” and “ggpubr” were utilized for this investigation process.





Genetic alternation analysis of HIC1

The genetic mutation characteristics of HIC1 were investigated by utilizing”TCGA Pan-Cancer Atlas Studies” dataset in the online database cbioportal (cBio Cancer Genomics Portal) (http://cbioportal.org) (17). The genetic alteration frequency, mutation type, and copy number alteration (CNA) of HIC1, the mutated sites, and the three-dimensional structure of HIC1 were investigated.





Immune microenvironment assessment

Estimation of Stromal and Immune cells in Malignant Tumor tissues using Expression data (ESTIMATE) analysis was employed to calculate the stromal and immune scores of each tumor sample by “estimate” R package (18). CIBERSORT, a bioinformatics algorithm that can quantify the immune cellular composition of tissue samples according to their gene expression levels, was utilized to explore the correlation between HIC1 and diverse immune cells within the tumor immune microenvironment in different cancer types (18). The relationship between HIC1 expression and infiltrating immune cells was evaluated by utilizing Spearman correlation analysis. TISIDB (http://cis.hku.hk/TISIDB/index.php) is an integrated online portal for the investigation of tumor-immune system interaction. We utilized TISIDB online database to determine the relationship between HIC1 expression and tumor-infiltrating lymphocyte (TILs) expression, major histocompatibility complex (MHC) genes expression, immunoinhibitory/immunostimulator genes expression, chemokines and chemokines receptors expression in human cancers. |R| >0.5, P-value <0.05 was considered as significantly relative.





Gene set enrichment analysis

GSEA was conducted to explore the possible biological functions and potential signaling pathways modulated by HIC1 in each cancer type. The “gmt” data of the hallmark gene set (h.all.v7.4.symbols.gmt) which consists of 50 hallmark gene sets was extracted from the MSigDB database (https://www.gsea-msigdb.org/gsea/index.jsp). The analysis process was performed and visualized by utilizing R packages “clusterProfiler” (19), “enrichplot”, and “ggplot2”.





Investigation of HIC1 in predicting immunotherapeutic efficacy

To assess the connection between HIC1 expression and the immunotherapeutic responses to immune checkpoint blockade (ICB), three datasets providing patients with immunotherapy treatment, including GSE78220 (melanoma) (20), GSE67501 (renal cell carcinoma) (21), and IMvigor210 (metastatic urological cancer) extracted from GEO (https://www.ncbi.nlm.nih.gov/geo/) online database were included in our study. The procedure was conducted and the results were visualized utilizing the R-package “ggpubr” and “ggplot2”.





Investigation of HIC1 in predicting drug sensitivity

To investigate the correlation between HIC1 expression and drug sensitivity, NCI-60 compound activity data with RNA-seq expression profiles were downloaded from the CellMiner™ online database (https://discover.nci.nih.gov/cellminer/home.do). Drugs approved by FDA were included in our analysis by utilizing R packages “impute”, “limma”, “ggplot2”, and “ggpubr”.





Clinical samples and immunohistochemistry

Patient samples were obtained under a Second Xiangya Hospital-approved protocol. Informed consent was obtained from all patients in accordance with the Declaration of Helsinki. HIC1 immunostains in all cancer cases were reviewed and evaluated by pathologists ZY T and P Z. Clinical tumor tissue samples and commercially available tumor tissue chips were stained for HIC1. IHC staining was implemented with HIC1 antibody (1:50; Proteintech, China) based on the manufacturer’s protocols. Sections of tumor tissues were deparaffinized and rehydrated. Then, the antigen was retrieved by being immersed in pH=6.0 citrate buffer for 15 minutes at 95°C before incubation with 0.3% hydrogen peroxide for 15 mins at room temperature to block the activity of endogenous peroxidase. Sections were treated with PBS rinsing and 5% normal goat serum blocking for 30 minutes at room temperature before being treated with a primary anti-HIC1 antibody and incubated overnight at 4°C. The proportion of negative (–), weakly positive (+), moderately positive (++), or strongly positive (+++) staining cells and cell staining intensity in five randomly selected fields were counted. The immunoreactivity scores were calculated by multiplying a number representing the percentage of immunoreactive cells (0+, none; 1+, <25%; 2+, 25%-50%; 3+, 51%-75%; and 4+, 75%-100%.) by the number representing staining intensity (0, negative; 1, weak; 2, moderate; 3, strong). The immunoreactivity scores were obtained by multiplying the scores for distribution and intensity, giving scores in the range of 0-12. IHC images of HIC1 protein expression in four tumor tissues, including colon adenocarcinoma (COAD), breast invasive carcinoma (BRCA), lung squamous cell carcinoma (LUSC), lung adenocarcinoma (LUAD), and their corresponding normal tissues were also downloaded from the HPA database (http://www.proteinatlas.org/). The IHC results were also compared with the protein level of HIC1 in TCGA from the UALCAN database (https://ualcan.path.uab.edu/).





Statistical analysis

All statistical analyses were conducted in R programming, version 4.1.1. The Wilcoxon rank-sum test was used to calculate the gene expression and the methylation level differences between cancerous and normal tissues of each cancer type. The coefficient values were evaluated by Spearman correlation analysis. P < 0.05 was considered statistically significant (*p < 0.05, **p < 0.01, and ***p < 0.001).






Results




The expression pattern of HIC1 in pan-cancer

To explore the expression levels of HIC1 across normal tissues and cancers, we analyzed the HIC1 expression of samples in GTEx, CCLE, and TCGA pan-cancer databases. The investigation of HIC1 expression in the GTEx database found that HIC1 was highly expressed in several tissues, such as ovary, uterus, and breast tissues, while was lowly expressed in bone marrow, liver, and pancreas tissues in comparison with other normal tissue samples (Figure 1A). The expression of HIC1 in different cancer cell lines was shown in Figure 1B, which showed that HIC1 was highly expressed in bone, central nervous system, and pleura cancer cell lines compared with other cancer cell lines. As for HIC1 expression in the TCGA pan-cancer dataset, the results showed that HIC1 was highly expressed in thymoma (THYM) and SARC, while was lowly expressed in brain lower grade glioma (LGG) and uveal melanoma (UVM) compare to other cancer types (Figure 1C). Differential expression analysis indicated that HIC1 expression was strongly decreased in tumor samples in comparison with their compared normal samples of TCGA pan-cancer dataset in bladder urothelial carcinoma (BLCA), BRCA, cervical squamous cell carcinoma, and endocervical adenocarcinoma (CESC), COAD, kidney chromophobe (KICH), kidney renal papillary cell carcinoma (KIRP), LUAD, LUSC, thyroid carcinoma (THCA) and uterine corpus endometrial carcinoma (UCEC), while was significantly increased in cholangiocarcinoma (CHOL), head and neck squamous cell carcinoma (HNSC), and KIRC (Figure 2D). Moreover, we also compared the differential expression between cancer samples and their corresponding normal samples in the GTEx database. The results showed that HIC1 was abnormally higher in cancer samples in CHOL, glioblastoma multiforme (GBM), HNSC, KIRC, acute myeloid leukemia (LAML), pancreatic adenocarcinoma (PAAD), and stomach adenocarcinoma (STAD), while was significantly downregulated in adrenocortical carcinoma (ACC), BLCA, BRCA, CESC, COAD, esophageal carcinoma (ESCA), KICH, LGG, LICH, LUAD, LUSC, ovarian serous cystadenocarcinoma (OV), prostate adenocarcinoma (PRAD), skin cutaneous melanoma (SKCM), testicular germ cell tumors (TGCT), THCA, UCEC, and uterine carcinosarcoma (UCS) (Figure 1E). These results indicated that HIC1 expression is abnormally high or low in various types of cancer, suggesting that HIC1 may play a potentially important role in cancer diagnosis. Furthermore, we also investigated the associations of HIC1 with clinical stages in patients with different cancers, and the results indicated patients in advanced clinical stages presented higher HIC1 expression levels in BLCA, ESCA, and STAD, and significant differences in the HIC1 expression among patients with different clinical stages were also detected in BRCA and SKCM (Figure 1F).




Figure 1 | The expression pattern of HIC1. (A) The expression level of HIC1 in 31 normal tissues from the GTEx database. (B) The expression level of HIC1 in 24 tumor cell lines from the CCLE database. (C) The expression level of HIC1 in pan-cancer. (D) Comparison of HIC1 expression level between cancer and normal samples from TCGA database. (E) Comparison of HIC1 expression level between cancer and normal samples from GTEx database. (F) The expression level of HIC1 in patients with different WHO stages in various cancer from the TCGA database. *p < 0.05, **p < 0.01, ***p < 0.001.






Figure 2 | The forest map of univariate Cox regression analysis of HIC1. (A) The forest map shows the results of univariate Cox regression analysis of HIC1 for OS in TCGA pan-cancer. (B) The forest map shows the results of univariate cox regression analysis of HIC1 for DFS in TCGA pan-cancer. (C) Forest map shows the results of univariate Cox regression analysis of HIC1 for DSS in TCGA pan-cancer. (D) The forest map shows the results of univariate cox regression analysis of HIC1 for PFS in TCGA pan-cancer. Red items indicate statistical significance.







Prognostic significance of HIC1

To explore the prognostic significance of HIC1 in pan-cancer, we first conducted the univariate Cox regression analysis to illustrate the associations of HIC1 with OS, DFS, DSS, and PFS in different cancer types. The forest map showed that HIC1 expression was correlated with OS in ACC, KIRP, LGG, UCEC, and UVM. HIC1 was associated with worse OS in ACC (HR, 1.925; 95% CI, 1.171-3.164; P = 0.010), KIRP (HR, 2.886; 95% CI, 1.647-5.058; P < 0.001), LGG (HR, 2.104; 95% CI, 1.164-3.802; P =0.014), and UVM (HR, 9.243; 95% CI, 2.417-35.350; P = 0.001), while was correlated with better OS in UCEC (HR, 0.560; 95% CI, 0.372-0.844; P = 0.006) in the assessment of OS in pan-cancer (Figure 2A). For univariate Cox analysis of DFS, the results indicated that HIC1 was a risk factor in ACC (HR, 2.011; 95% CI, 1.052-3.846; P = 0.035), KICH (HR, 21.421; 95% CI, 1.127-407.252; P = 0.041), and KIRP (HR, 2.623; 95% CI, 1.246-5.524; P = 0.011), while was a protective factor in UCEC (HR, 0.386; 95% CI, 0.219-0.681; P = 0.001) (Figure 2B). The forest map of DSS showed that HIC1 expression was correlated with worse DSS in ACC (HR, 1.975; 95% CI, 1.197-3.257; P = 0.008), KICH (HR, 3.920; 95% CI, 1.199-12.819; P = 0.024), KIRP (HR, 4.199; 95% CI, 2.302-7.660; P < 0.001), LGG (HR, 2.233; 95% CI, 1.205-4.140; P = 0.011), mesothelioma (MESO) (HR, 1.473; 95% CI, 1.010-2.150; P = 0.044) and UVM (HR, 10.227; 95% CI, 2.473-42.295; P = 0.001), while was associated with better DSS in UCEC (HR, 0.497; 95% CI, 0.296-0.835; P = 0.008) (Figure 2C). With regards to PFS, there was a close relationship between HIC1 expression and PFS in CHOL, KICH, KIRP, LGG, STAD, UCEC, and UVM, and HIC1 could serve as a risk regulator for PFS in KICH (HR, 2.635; 95% CI, 1.218-5.702; P = 0.014), KIRP (HR, 2.444; 95% CI, 1.416-4.219; P = 0.001), LGG (HR, 1.867; 95% CI, 1.126-3.097; P = 0.016), STAD (HR, 1.252; 95% CI, 1.011-1.550; P = 0.039), and UVM (HR, 8.698; 95% CI, 2.321-32.601; P = 0.001), while could serve as a protective regulator for PFS in CHOL (HR, 0.248; 95% CI, 0.072-0.855; P = 0.027) and UCEC (HR, 0.581; 95% CI, 0.409-0.824; P = 0.002) (Figure 2D).

Next, Kaplan–Meier curves were drawn to compare the differences in the survival time between high HIC1 expression and low HIC1 expression subgroups. The OS Kaplan–Meier curves indicated that patients with high HIC1 expression in ACC (P = 0.015), MESO (P = 0.011), TGCT (P = 0.041), and UVM (P < 0.001) had a shorter survival time, while UCEC patients with high HIC1 expression had a longer survival time (P = 0.010) (Figure 3A). As for DFS Kaplan–Meier curves, we detected that HIC1 expression was linked to shorter survival time in ACC (P = 0.014), whereas was associated with longer survival time in BLCA (P = 0.037) and UCEC (P < 0.001) (Figure 3B). With regards to DSS Kaplan–Meier curves, we found that HIC1 expression was significantly connected with poor DSS in ACC (P = 0.011), KIRP (P = 0.003), and UVM (P < 0.001), while was related to better DSS in pheochromocytoma and paraganglioma (PCPG) (P = 0.004) and UCEC (P = 0.002) (Figure 3C). Finally, the Kaplan–Meier curves of PFS showed that high HIC1 expression predicted poor PFS in ACC (P = 0.027), KIRP (P = 0.004), and UVM (P = 0.002), while predicted better PFS in CHOL (P = 0.018), THCA (P = 0.012) and UCEC (P < 0.001) (Figure 3D). In summary, these results indicated that HIC1 may function as a prognosis-related risk factor in several cancers, including ACC, MESO, KIRP, TGCT, and UVM, and a prognosis-related protective factor in BLCA, CHOL, PCPG, THCA, and UCEC.




Figure 3 | Kaplan-Meier survival curves of HIC1 in pan-cancer. (A) Kaplan–Meier analysis of the correlation between HIC1 expression and OS in 5 cancer types. (B) Kaplan–Meier analysis of the correlation between HIC1 expression and DFS in 3 cancer types. (C)Kaplan–Meier analysis of the correlation between HIC1 expression and DSS in 5 cancer types. (D) Kaplan–Meier analysis of the correlation between HIC1 expression and PFS in 7 cancer types.







Genetic alternation analysis of HIC1

Next, we investigated the genetic alternation characteristics of HIC1 in the cbioportal database. The genetic alternation frequency of HIC1 was approximately 1.1%, and the genetic alternation frequency was higher than 2.5% in 3 cancer types, including CHOL, SARC, and STAD in TCGA pan-cancer cohort (Figure 4A). Deep deletion, amplification, and missense mutation were the major types of genetic alteration of HIC1 in pan-cancer (Figure 4B). Furthermore, we investigated the genetic mutation types, sites, and case samples of HIC1. Missense mutation was the most common alternation type of HIC1, while G541R mutation was detected in two samples in PRAD and STAD respectively (Figure 4C). In addition, the putative copy-number alterations of HIC1 from genomic identification of significant targets in cancer (GISTIC) included many types, such as deep deletion, shallow deletion, amplification, and gain function, contributing to the alternations of gene expression (Figure 4D). The genetic alterations of SMURF2P1, IGHV3-74, IGLV3-1, CLIP1-AS1, HNF1A-AS1, LINC01761, LINC02607, TLCD4-RWDD3, DPYD-AS2, and LINC01089 were more commonly occurred in the HIC1-altered group in comparison with unaltered group (Figure 4E).




Figure 4 | The genetic alteration characteristics of HIC1 in pan-cancer. (A) The alteration frequency of HIC1 with different types of mutations in different cancer types. (B) Different genetic alteration types of HIC1. (C) The mutation types, sites, and sample numbers of the HIC1 genetic alterations. (D) The correlated alteration types and putative copy-number of HIC1 in pan-cancer. (E) Co-occurrence of genetic mutations in tumors with HIC1 alterations.







Gene set enrichment analysis

To investigate the potential biological functions and signaling pathways of HIC1 in the specific cancer type, KEGG pathway and GO functional analyses were performed. The results of KEGG analysis indicated that HIC1 was most commonly involved in the chemokine signaling pathway and cytokine-cytokine receptor interaction, as well as the T cell receptor signaling pathway, calcium signaling pathway, JAK-STAT signaling pathway in different cancer types (Figure 5A). GO analysis found that HIC1 might exert biological functions in calcium ion transport in cancer, and functions on the immune system, including adaptive immune response, activation of immune response, regulation of lymphocyte activation, and T cell activation in cancer biology (Figure 5B). These results indicated that calcium transport and calcium signaling pathway and immune modulatory functions were most commonly involved in HIC1 in cancer biology, suggesting the critical roles of HIC1 in regulating the tumor immune microenvironment.




Figure 5 | GSEA of HIC1. (A) GO functional annotation of HIC1 shows that HIC1 might exert biological functions in calcium ion transport in cancer, and modulating immune system. (B) KEGG pathway analysis of HIC1 indicated HIC1 was most commonly involved in the chemokine signaling pathway and cytokine-cytokine receptor interaction, as well as T cell receptor signaling pathway, calcium signaling pathway, JAK-STAT signaling pathway in different cancer types. Peaks on the upward curve indicate positive regulation and peaks on the downward curve indicate negative regulation.







Correlation of HIC1 expression with the tumor immune microenvironment

To further uncover the potential immunomodulatory functions of HIC1 in tumor immunity, we employed the ESTIMATE algorithm, CIBERSORT algorithm, and TISIDB databases to investigate the correlations of HIC1 with the tumor immune microenvironment in pan-cancer. The results of the ESTIMATE algorithm suggested that HIC1 expression was positively correlated with immune and stromal scores in multiple cancers, including BLCA, CHOL, COAD, ESCA, LUSC, PAAD, PCPG, PRAD, rectum adenocarcinoma (READ), and UVM (Figure 6). In addition, there was a positive correlation between HIC1 expression and stromal scores in SARC, SKCM, STAD, TGCT, UCEC, OV, liver hepatocellular carcinoma (LIHC), LUAD, KIRP, HNSC, CESC, and BRCA (Figure S1). Moreover, we utilized CIBERSORT to analyze the abundance of diverse infiltrating immune cells in the specific cancer type. The results showed that HIC1 expression was negatively related to T follicular helper cells infiltration in UCS, THYM, TGCT, and BLCA, and CD4+ memory resting T cells infiltration in ACC and THYM. In particular, there was also a negative correlation of HIC1 expression with B naive cells abundance in TGCT, NK activated cells abundance in CHOL, whereas a positive correlation of HIC1 expression with mast resting cells in ESCA, STAD, and THYM, mast activated cells in KICH, dendritic resting cells in THYM, M1 macrophages in lymphoid neoplasm diffuse large B-cell lymphoma (DLBC), M2 macrophages in SARC, and plasma cells in CHOL (Figure 7). Overall, HIC1 expression was mainly correlated with T cells, B cells, macrophages, and mast cells within the tumor immune microenvironment in multiple cancer types.




Figure 6 | The correlation between HIC1 and immune and stromal scores in pan-cancer.






Figure 7 | The correlation between HIC1 expression and the immune cells infiltration in pan-cancer.



Moreover, TISIDB online database was utilized to explore the effects of HIC1 on mediating tumor-infiltrating lymphocytes, the expression of MHC genes, immunoinhibitory/immunostimulator genes, chemokines, and chemokines receptors during cancer progression. There were positive correlations between HIC1 expression and several immunoinhibitory genes, such as TGFB1, ADORA2A, and CSF1R in multiple cancers (Figure 8A). It was also detected that HIC1 expression was positively related to several immunestimulators in different cancers, such as CXCL12 and TNFRSF4, and was negatively connected with IL-6R in TGCT (Figure 8B). Besides, we found that HIC1 expression was positively linked to MHC genes, such as TAPBP in TGCT and HLA-DPB1 in COAD (Figure 8C). In addition, there were positive correlations between HIC1 and lymphocytes, such as macrophages and mast cells in multiple cancers (Figure 8D). With regards to chemokines and chemokines receptors, our results revealed significantly positive correlations of HIC1 with CXCL12 and CCR10 in several cancers (Figures 8E, F). These findings revealed that HIC1 may function as an important mediator of immune-related biomolecules and lymphocytes in the tumor immune microenvironment.




Figure 8 | The correlation between HIC1 expression and immune-related biomarkers in the TISIDB database. The co-expression heatmaps show the association between HIC1 expression and (A) immunoinhibitor genes, (B) immunostimulator genes, (C) MHC genes, (D) lymphocyte, (E) chemokines, and (F) chemokines receptors in pan-cancer.







Correlation of HIC1 with TMB and MSI

To illustrate the predictive value of HIC1 in cancer immunotherapy treatment, we further investigated the relationship of HIC1 expression with TMB and MSI, two biomarkers that are closely connected with cancer immunotherapy efficacy. The radar figure showed that HIC1 expression was negatively connected with MSI level in STAD, READ, SKCM, DLBC, and UCEC (Figure 9B). As for TMB, there was a significantly negative correlation between HIC1 expression and TMB in multiple cancer types, including THCA, STAD, SKCM, PRAD, PAAD, LUSC, LUAD, LIHC, KIRP, HNSC, DLBC, COAD, CHOL, CESC, BRCA, and BLCA, whereas a significantly positive connection in LGG, SARC, and THYM (Figure 9A). These results suggested that HIC1 expression may be correlated with immunotherapeutic responses in these human cancer types.




Figure 9 | The correlation between HIC1 expression and TMB levels, MSI event, and immunotherapeutic efficacy. (A) Radar map of the relationship between HIC1 expression and TMB levels. (B) Radar map of the relationship between HIC1 expression and MSI event. (C–E) The relationship between HIC1 expression and the immunotherapeutic efficacy in IMvigor210 cohort (C), GSE78220 (D), and GSE67501 (E). *p < 0.05, **p < 0.01; ***p < 0.001.







Correlation between HIC1 expression with immunotherapeutic efficacy

The potential of HIC1 in predicting the immunotherapeutic efficacy of anti-PD-1/PD-L1 treatment for cancer patients was further investigated. A total of 3 cohorts, including GSE78220, GSE67501, and IMvigor210, were included in our study to compare the differential HIC1 expression between immunotherapy-responsive and immunotherapy-nonresponsive patients. The results showed that HIC1 expression was significantly higher in patients with nonresponses to immunotherapy in IMvigor210 (Figure 9C) and GSE78220 cohorts (Figure 9D), while there was no static significance in the GSE67501 cohort (Figure 9E). These results indicated that HIC1 could effectively predict the immunotherapy responses for individual cancer patient and might be a novel therapeutic target to overcome immunotherapy resistance.





Drug sensitivity analysis of HIC1

We further explored the potential relationship between HIC1 expression and drug sensitivity by utilizing the CellMiner database. We found that HIC1 expression was positively correlated with the sensitivity to several agents, including rebimastat, zoledronate, nelarabine, axitinib, temsirolimus, and batracylin (Figures 10A–F), while was negatively correlated with the sensitivity to trametinib, cobimetinib, selumetinib, and PD−98059 (Figures 10G–J). Notably, the results indicated that HIC1 might be significantly correlated with the sensitivity to several small molecule inhibitors that have been applied in cancer treatment, such as MEK inhibitors trametinib and PD−98059.




Figure 10 | The correlation between HIC1 expression and drug sensitivity. The HIC1 was linked to the sensitivity of (A) Rebimastat, (B) Axitinib, (C) Batracylin, (D) Nelarabine, (E) Zoledronate, (F) Temsirolimus, (G) Trametinib, (H) Cobimetinib, (I) PD-98059, and (J) Selumetinib.







IHC validation of HIC1

The expression of HIC1 was further verified by IHC across 4 different types of cancer by our cohorts, including LUAD, SARC, breast cancer, and KIRC. As shown in Figure 11, HIC1 was detected in all of the examined tumor tissue samples. A strongly positive expression of HIC1 was observed in SARC and KIRC, while low expression of HIC1 was detected in patients with LUAD and breast cancer. The immunoreactivity score of each cancer type was presented in Figure 11E. These findings further were generally consistent with previous bioinformatics analysis. In addition, we also obtained IHC results from the HPA database and compared the results with HIC1 protein level in UALCAN. The IHC staining of HIC1 was mainly weakly or negatively expressed in tumor tissue from breast cancer, LUSC, LUAD, and COAD while was relatively higher in their corresponding normal tissues (Figure S2).




Figure 11 | Immunohistochemistry validation of HIC1 in different cancers by clinical samples. (A) LUAD, (B) SARC, (C) Breast cancer, (D) KIRC, and (E) Immunoreactivity score.








Discussion

HIC1 is frequently hypermethylated which lead to the inactivation of HIC1 in the development of tumor. As a direct target gene of P53, HIC1 is associated with the regulation of cell-cycle regulation, thus contributing to tumorigenesis (22). A HIC1-SIRT1-p53 circular loop has been well illustrated. In the circular loop, HIC1 inhibits the transcription of SIRT1 which deacetylates and suppresses the expression of p53, thus resulting in the inactivation of HIC1 in turn (23). Nowadays, the role of HIC1 in several cancers, such as colorectal cancer (24), epithelial ovarian cancer (25) and medulloblastoma (26), have been investigated. Recent work has found that HIC1 can regulate ferroptosis during cancer progression (14, 15, 27). Wang et al. have constructed and validated a novel prognostic signature including 3 ferroptosis-related genes: HIC1, LPCAT3, and DUOX1. In vitro experiments revealed that inhibition of HIC1 can promote chemosensitivity and anti-PD1 therapy efficacy through inducing ferroptosis in ovarian cancer cells (15). Notably, ferroptosis has been confirmed to play critical roles in cancer immunotherapy, and ferroptosis activation may be a potential strategy to promote the immunotherapy efficacy (28). For instance, inhibition of APOC1 can increase the M1/M2 macrophage ratio through regulating ferroptosis and improve the anti-PD-1 immunotherapy efficacy for hepatocellular carcinoma (HCC) (29). Wang et al. have found that immunotherapy-activated CD8 + T cells can enhance ferroptosis-specific lipid peroxidation in tumor cells, and that increased ferroptosis further results in the increasing anti-tumor efficacy of immunotherapy (30). However, the roles of HIC1 are inconsistent and controversial among several cancers, there are no pan-cancer analysis of HIC1 and the associations of HIC1 with tumor immune microenvironment and the immunotherapeutic efficacy are still largely unknown. Therefore, we perform a pan-cancer analysis to thoroughly explore the clinical significance of HIC1 as well as its critical roles in tumor immune microenvironment and immunotherapy.

To begin with, we investigated the expression levels and clinical significance of HIC1 in different cancers. The results showed that compared with adjacent normal samples in TCGA, HIC1 expression was significantly decreased in tumor samples in BLCA, BRCA, CESC, COAD, KICH, KIRP, LUAD, LUSC, THCA and UCEC, while was strongly increased in CHOL, HNSC, and KIRC. By comparing HIC1 expression between TCGA tumor samples and GTEx normal samples, upregulation of HIC1 was also detected in GBM, LAML, PAAD, and STAD, and downregulation of HIC1 was also found in ACC, ESCA, LGG, LIHC, OV, PRAD, SKCM, and UCS. These inconsistent findings may be attributed to the application of different algorithms, sample sizes and sources in distinct databases, and the insufficient number of normal samples in TCGA may also result in insignificant findings in some cancer types. There was also disparity between HIC1 expression in TCGA tumor tissues and CCLE cancer cell lines, which may be attributed to the fact that there are multiple cell lines in a specific cancer type in CCLE database, and gene expression level is often significantly different among these cell lines in vitro experiment. Also, gene expression in cancer patients may change during cancer progression and after receive different treatment options, which may also explain this phenomenon. IHC results in our clinical samples further confirmed the low protein level of HIC1 in breast cancer and LUAD, while the relatively high HIC1 protein expression in KIRC and SARC, which further validates HIC1 expression pattern in bioinformatics analysis. Previous studies have found that HIC1 was downregulated in bladder cancer, and HIC1 can inhibit bladder cancer progression through the YAP signaling pathway (31). HIC1 expression has been found to be silenced only in triple-negative breast cancer compared with other breast cancer molecular subtypes, and HIC1 slicing could facilitate triple-negative breast cancer progression by targeting lipocalin-2 (LCN2) (32). However, Brieger et al. indicated that chromosome 17p13.3 where HIC1 is located on is a region usually lost in HNSC (33) and Eggers et al. showed that HIC1 hypermethylated and inactivated in KIRC (34). These results conflicted with our findings, possibly because of the different sources of samples and heterogeneity, which should be further validated in more large cohorts. With regards to the clinicopathological significance of HIC1, our results found that HIC1 was expressed higher in patients with later clinical stages in BLCA, ESCA, and STAD, indicating that HIC1 may function as a biomarker for predicting disease progression for cancer patients. Zhang et al. have reported that HIC1 expression was negatively related to the clinical stage in patients with liver cancer (14). As determined by pan-cancer prognostic analyses, high HIC1 expression was significantly correlated with improved OS, DFS, DSS, and PFS in ACC, OS, DSS, and PFS in UVM, DSS, and PFS in KIRP, OS in MESO, and TGCT. In contrast, UCEC patients with high HIC1 expression were significantly associated with worse OS DFS, DSS, and PFS. There were also significant associations between CHOL patients with high HIC1 expression and worse PFS, BLCA patients with worse DFS, and PCPG patients, and worse DSS. Combining these results, our studies suggest patients with high HIC1 expression had a better prognosis in ACC, UVM, KIRP, MESO, and TGCT, while had a worse prognosis in UCEC, BLCA, CHOL, and PCPG. Previous studies indicated that overexpression of HIC1 can act as a poor prognostic biomarker for KIRC, while a biomarker for better prognosis in pancreatic cancer (9, 34). It has been found that HIC1 is an important contributor to the development and functions of several immune cells, such as T cells and macrophage. Therefore, the associations of HIC1 with cancer prognosis may attribute to its ability to mediate the body’s immune response. Overall, these findings indicate that HIC1 may serve different functions in different cancer types, and is a critical prognostic biomarker in several cancers, and monitoring HIC1 expression may help predict the prognosis of cancer patients, which is mutually corroborated by previous studies.

Cancer is usually resulted from genetic alterations and cancer genomes included 4-5 mutations on average (35). Genetic changes play an important role in regulating cancer development and immune tolerance. For instance, mutant PD-L1 with structural variations can contribute to aberrant PD-L1 expression and immunosuppression. The amplifications of JAK2/PD-L1/PD-L2 (9p24.1) can induce constitutive overexpression of PD-L1 and a significant response to immune checkpoint inhibitors (36). In our study, we found that the major types of genetic alteration of HIC1 were deep deletion, amplification, and miss mutation. The genetic alternation frequency of HIC1 was higher than 2.5% in CHOL, which was matched with previous studies (37). It has been found that several CpG-islands (HIC1, OPCML, SFRP1, PTEN, and DcR1) presented a frequency of hypermethylation >28% of CHOL (37). In prostate carcinoma, a high frequency of alterations in the promoter methylation status of HIC1, SFRP2, and DAPK1 was detected in patients with prostate carcinomas of high Gleason Score (GS) (38). Currently, the functions of HIC1 genetic alternations in cancer immunological activity are still largely known and warranted further investigation.

To further explore the biological functions and downstream signaling pathways of HIC1 in different cancer types, we conducted KEGG and GO analysis. Our results suggested that HIC1 plays an important role in the chemokine signaling pathway in several cancers. It has been reported that deletion of HIC1 can contribute to premalignant transformation in the early stage of tumor formation. Moreover, the HIC1-deleted breast cancer cells can secret CXCL14 to its cognate receptor GPR85 on mammary fibroblasts in the microenvironment, and activate fibroblasts through the ERK1/2, Akt, and neddylation signaling pathways, whereas the activated fibroblasts can facilitate breast cancer progression through inducing epithelial-mesenchymal transition (EMT) by the CCL17/CCR4 axis (39). Besides, the results indicated that HIC1 is associated with T cell-related pathways, including the T cell receptor signaling pathway and T cell activation. Previous studies have reported that HIC1 suppresses the function of human induced regulatory T cells (iTreg) by interacting with the transcription factors (TFs) required for the development of Th1/2/17 cells (40). In addition, HIC1 can promote the differentiation of tissue-resident memory T cells (TRM cells) (41). These findings are consistent with our results and confirmed the critical roles of HIC1 in mediating T cell functions. Our results also showed that HIC1 is related to cytokine-cytokine receptor interaction, calcium signaling pathway, MAPK signaling pathway as well as regulating the immune system.

The tumor immune microenvironment has been regarded as an integral part of cancer, which forms a complex tumor microenvironment that supports the growth and metastatic dissemination of cancer cells (42). Importantly, novel targets within the tumor immune microenvironment can help direct and improve the actions of cancer immunotherapies which can reshape the tumor immune microenvironment and restores the capability of immune cells to kill tumor cells. To further reveal the role of HIC1 in the tumor immune microenvironment, we first analyzed the relationship between HIC1 expression and immune and stromal scores by the ESTIMATE algorithm, which presented a positive correlation in multiple cancers, such as BLCA, CHOL, and COAD. Furthermore, we explored the relationship between HIC1 expression levels and the abundance of infiltrating immune cells in the specific cancer type. Our results showed that HIC1 expression was mainly associated with T cells, B cells, macrophages, and mast cells in the tumor immune microenvironment in multiple cancers. Previous studies have indicated the correlation between HIC1 and T cells, including iTreg and TRM cells (40, 41). HIC1 has been found to be upregulated early during the differentiation of human iTreg cells, and HIC1 deficiency can contribute to a significant loss of suppression by iTreg cells with a concomitant upregulation of effector T cell associated genes (40). Besides, HIC1 has been reported to regulate the differentiation of B lymphocytes by inhibiting the transcription of class II transactivator (CIITA) (43). To date, little research has been conducted to investigate the role of HIC1 in mediating immune cells in tumor immune microenvironment, which may be a novel direction for exploring the biological functions in oncology.

TMB is defined as the total number of mutations present in a tumor specimen and reflects cancer mutation quantity (44). High TMB is clinically related to better response for immune checkpoint inhibitors (ICI) and has been acknowledged as a predictive biomarker (45). MSI is also a predictive biomarker for the responses of cancer patients to ICI (46). Narayan G et al. have suggested that the expression level of HIC1 is positively correlated with the frequency of MSI-H in cervical cancer (47). Our results indicated that the expression level of HIC1 is associated with TMB in 20 cancer types and MSI in 5 cancer types, such as STAD, READ, SKCM, and DLBC, suggesting the promising potential of HIC1 as a biomarker for predicting the efficacy of cancer immunotherapy. Furthermore, we identified the role of HIC1 in the immunotherapeutic efficacy in 3 cohorts. Our results illustrated that in patients with metastatic urothelial cancer and melanoma, there was a higher expression level of HIC1 in patients with no-response to PD-1/PD-L1 inhibitors, suggesting that HIC1 may serve as a promising biomarker for predicting the immunotherapy efficacy in melanoma and urothelial cancer. Several studies have explored the clinical significance and functions of HIC1 in metastatic urothelial cancer and melanoma. For instance, it has been reported that HIC1 prohibited the progression of uveal melanoma by activating lncRNA-numb, providing a potential therapeutic target for uveal melanoma (48). In KIRC, patients with lymph node metastases presented a low methylation level of HIC1 compared to patients without lymph node metastases, and hypermethylation of HIC1 can act as a poor prognostic biomarker for renal cell carcinoma (34). In addition, hypermethylation of the HIC1 exacerbated prostate cancer metastasis by inducing epithelial-mesenchymal transition (EMT) mediated by Slug and CXCR4, which contributed to the poor prognosis of prostate cancer patients (39). However, the predictive value of HIC1 for immunotherapeutic efficacy in these cancers has not been illustrated, which should be further investigated in future studies.

Therefore, HIC1 has the potential to act as a biomarker associated with cancer immunotherapies and predict immunotherapy responses in cancer patients. Dynamic monitoring of HIC1 expression may be a valuable approach to effectively evaluate the immunotherapeutic responses of cancer patients, thus helping choose the most suitable therapy strategy for individual cancer patients. Moreover, we also explore the relationship between HIC1 expression and the anti-cancer drug sensitivity of cancer patients. Koul S et al. have reported that the promoter hypermethylation of HIC1 was involved in the resistance of Male germ cell tumor (GCT) to cisplatin (49). Our findings showed that HIC1 is closely related to the sensitivity of multiple anti-cancer drugs, especially small molecule inhibitors, including MEK inhibitors trametinib and PD−98059, indicating HIC1 plays a critical role in predicting the sensitivity of anti-cancer drugs. Among these drugs whose sensitivity is related to HIC1 expression, zoledronate, and trametinib have been reported to be associated with ferroptosis. In osteosarcoma, zoledronic acid can induce ferroptosis by decreasing ubiquinone and upregulating the expression of HMOX1 or cytochrome P450 oxidoreductase (POR) (50, 51). Besides, zoledronic acid also induced ferroptosis in osteoclasts by suppressing ubiquitination and degradation of p53 through FBXO9 (52). In addition, the combination of the MEK inhibitor trametinib and the autophagy inhibitor hydroxychloroquine (HCQ) could inhibit proliferative activity in Lkb1-deficient Kras-driven lung tumors by inducing ferroptosis (53). Future studies should focus on the roles of HIC1 in mediating cancer drug resistance through the regulation of ferroptosis.

Though we have comprehensively conducted numerous analyses to illustrate and validate the roles of HIC1 in pan-cancer, there are still some limitations in our research. Firstly, although we have validated the expression pattern in our clinical samples, the associations of HIC1 with immunotherapeutic efficacy and anti-cancer drug sensitivity have not been validated in our own cohorts. Secondly, the specific mechanisms by which HIC1 regulates the tumor immune microenvironment remain largely unclear and have not been illustrated in experiments. Therefore, future studies are required to investigate the biological functions of HIC1 in tumor immune microenvironment.





Conclusion

In summary, this comprehensive pan-cancer analysis of HIC1 reveals the expression pattern and role of the ferroptosis-related gene HIC1 in different cancer types. Our findings suggested that HIC1 may serve as a prognostic biomarker, and is related to immune infiltration, immunotherapeutic efficacy, and anti-cancer drug sensitivity in various cancers, thereby providing a theoretical basis for more precise cancer treatment in the future. Further research is needed to verify the specific mechanisms involved.
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Background

Lung cancer continues to be a problem faced by all of humanity. It is the cancer with the highest morbidity and mortality in the world, and the most common histological type of lung cancer is lung adenocarcinoma (LUAD), accounting for about 40% of lung malignant tumors. This study was conducted to discuss and explore the immune-related biomarkers and pathways during the development and progression of LUAD and their relationship with immunocyte infiltration.





Methods

The cohorts of data used in this study were downloaded from the Gene Expression Complex (GEO) database and the Cancer Genome Atlas Program (TCGA) database. Through the analysis of differential expression analysis, weighted gene co-expression network analysis (WGCNA), and least absolute shrinkage and selection operator(LASSO), selecting the module with the highest correlation with LUAD progression, and then the HUB gene was further determined. The Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), and Gene Set Enrichment Analysis (GSEA) were then used to study the function of these genes. Single-sample GSEA (ssGSEA) analysis was used to investigate the penetration of 28 immunocytes and their relationship with HUB genes. Finally, the receiver operating characteristic curve (ROC) was used to evaluate these HUB genes accurately to diagnose LUAD. In addition, additional cohorts were used for external validation. Based on the TCGA database, the effect of the HUB genes on the prognosis of LUAD patients was assessed using the Kaplan-Meier curve. The mRNA levels of some HUB genes in cancer cells and normal cells were analyzed by reverse transcription-quantitative polymerase chain reaction (RT-qPCR).





Results

The turquoise module with the highest correlation with LUAD was identified among the seven modules obtained with WGCNA. Three hundred fifty-four differential genes were chosen. After LASSO analysis, 12 HUB genes were chosen as candidate biomarkers for LUAD expression. According to the immune infiltration results, CD4 + T cells, B cells, and NK cells were high in LUAD sample tissue. The ROC curve showed that all 12 HUB genes had a high diagnostic value. Finally, the functional enrichment analysis suggested that the HUB gene is mainly related to inflammatory and immune responses. According to the RT-qPCR study, we found that the expression of DPYSL2, OCIAD2, and FABP4 in A549 was higher than BEAS-2B. The expression content of DPYSL2 was lower in H1299 than in BEAS-2B. However, the expression difference of FABP4 and OCIAD2 genes in H1299 lung cancer cells was insignificant, but both showed a trend of increase.





Conclusions

The mechanism of LUAD pathogenesis and progression is closely linked to T cells, B cells, and monocytes. 12 HUB genes(ADAMTS8, CD36, DPYSL2, FABP4, FGFR4, HBA2, OCIAD2, PARP1, PLEKHH2, STX11, TCF21, TNNC1) may participate in the progression of LUAD via immune-related signaling pathways.
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1 Introduction

Lung cancer is one of the most common cancers in the world. In recent years, the number of new cases has reached a peak, and lung cancer has the highest number of deaths (1, 2). Lung adenocarcinoma has the highest incidence of lung cancer at approximately 40% (3). While one of the reasons for the high mortality of LUAD is that 57% of cases had progressed at the time of testing, when the treatment regimen was limited, with 1-and 5-year survival rates of only 26% and 4%, respectively (4, 5). This result is not satisfactory, and although the rapid development of immunotherapy and targeted therapies in recent years has led to a significant improvement in the outcomes of LUAD patients, the prognosis outcome of LUAD patients is still unsatisfactory (6, 7). Thus, there is a need to investigate and discover novel biomarkers or immune cell infiltration during LUAD progression, which is of extraordinary importance for the early detection, diagnosis, treatment, and better prognosis of LUAD. Despite the diverse pathogenesis and causes of LUAD, extensive clinical evidence and experimental data show that immunocytes and immune-related pathways play various roles in the development of LUAD and the prognostic process. For example, a reduction in CD4 + T cells suppresses the activity of cytotoxic T cells in tumors, thereby restricting LUAD tumor cell growth (6). Programmed cell death 1 (PD-1) is expressed in T cells to suppress peripheral autoimmunity (immune tolerance) (8). M2-polarized macrophages exhibit immunosuppressive activity and promote tumor angiogenesis in LUAD patients (9). Many other molecules are closely associated with LUAD and play an immunological role in tumor progression. Thus, further investigation into the molecular mechanisms of LUAD pathogenesis is still needed.

WGCNA works by analyzing a large number of genes and then putting genes with similar expressions into the same module according to the clustering principle. The most significant advantage of this method over simple cluster analysis is that it is biologically meaningful and allows for effective preliminary screening of genes related to target features (10, 11). In many cases, LASSO algorithms are used to describe the degree of correlation between two related variables. The advantage of this algorithm over the traditional Cox regression and logistic regression lies in its ability to reduce the dimension. Both WGCNA and LASSO regression analysis are commonly used for bioinformatics technology analysis. Moreover, the LASSO analysis of the WGCNA genes can make us more accurate in screening the target feature-related genes (12). In the first step, we screened differentially expressed genes and identified key biomarkers for LUAD progression. Based on the results of the Gene Ontology (GO) of differentially expressed genes and the Kyoto Encyclopedia of Genes and Genomes (KEGG), we found that these DEGs mainly focus on some immune processes and immune pathways related to LUAD. We then used ssGSEA analysis to assess the infiltration of immunocytes in the immune environment in the hope of gaining a clearer understanding of the mechanisms of LUAD progression, and the results may provide a way to understand the pathogenesis of LUAD and find new therapeutic targets.




2 Materials and methods



2.1 Data collection

Microarray expression data and clinical information for LUAD were obtained from the GEO and TCGA databases. There were two cohorts in the treatment group, GSE63459 and GSE176348, with 89 specimens (including 45 tumor samples and 44 normal samples). In addition, external validation using the TCGA-LUAD cohort with 598 samples (including 539 tumor samples and 59 normal samples) was performed. All sequencing information for normal samples comes from adjacent tissues.




2.2 Selection of the DEGs

We used the data normalization and probe annotation from the R software (version 4.2.1) “limma” and “GEOquery” packages for the data of GSE63459 and GSE176348, with P-value < 0.05 and |log fold change (FC) | > 1 for the DEGS screening criteria (13, 14).




2.3 Construction of gene co-expression network

We used the WGCNA to process expression profile data from GSE63459 and GSE176348 datasets to establish a weighted co-expression network. Then we investigated the genes that deviate from the top 25% of the median (10). The data integrity is checked by the ‘Good SampleGenes’ function. We chose a suitable soft threshold value (β) and validated the ability of the soft threshold value. The matrix data was transformed into an adjacency matrix by us, followed by clustering to identify modules based on the topological overlap. Then, the module feature element (ME) is calculated, the similarly expressed modules are combined into the cluster tree according to the ME, and we draw the hierarchical cluster tree graph. Then, the module and phenotype data are combined, and then the gene significant (GS) and module significant (MS) are calculated; the calculation results are used to evaluate whether the gene and clinical information are essential and to analyze the correlation between the module and the model. In addition, We calculated the module membership (MM) for each gene to analyze the GS values of each module.




2.4 Selection and validation of the HUB genes

The gene with the highest inter-module connectivity was selected as the candidate HUB gene. The GS values for biologically significant genes are also generally higher. Therefore, we chose candidate genes with an absolute GS value> 0.20 and an MM value > 0.80. We then intersected these genes with DEGS using the “glmnet” package in the R software package and used the LASSO analysis to determine the final HUB genes (11). We used box plots to probe the HUB gene expression levels in LUAD samples and healthy samples. With the help of ‘MedCalc’ software (version 2.0.1), we draw the receiver operating characteristic curves (ROC) to determine these HUB genes’ diagnostic specificity and accuracy. A dataset (TCGA-LUAD) is also available for external verification of the HUB gene’s expression level and diagnostic value.




2.5 Prognostic analysis

With the help of the “Survival” and “SurvMiner” packages in the “R” software, we divided the samples in TCGA-LUAD into two groups (high and low expression groups) using the median expression of the HUB gene. Lastly, survival curves for HUB and LUAD genes were plotted using the Kaplan-Meier method with the aid of the software package “ggplot2”.




2.6 Immunohistochemical staining was performed

Results of immunohistochemical staining of the HUB gene in normal lung tissue and lung cancer specimens from The Human Protein Atlas(www.proteinatlas.org).




2.7 Assessment of immunocytes infiltration and its association with HUB genes

We quantified the infiltration of 28 immunocytes in the GSE63459 and GSE176348 datasets using the ssGSEA algorithm (15). The box plots we established indicate the differences in the expression levels of these immune cells. We also calculated the Spearman correlation of these immune-infiltrating cells with the candidate HUB genes and visualized the calculated results with the ‘ggplot2’ program package.




2.8 Functional enrichment analysis

We performed GO analysis of DEGs, KEGG analysis, and GSEA analysis through the ‘clusterProfiler’ and ‘enrichplot’ package of the R software package (16). We used the immunological signature genomes from the Molecular Signature Database (MsigDB) as the reference, and the significantly enriched genomes had to meet the P <0.05 and the false discovery rate (FDR) q-value <0.05.




2.9 Experimental validation

Several HUB genes (DPYSL2, OCIAD2, and FABP4) were selected for study to verify the HUB genes’ role further. Normal human lung epithelial cells (BEAS-2B) and lung adenocarcinoma cells (A549 and H1299) were collected for culture, moreover, extracted RNA from the three cells using the Trizol reagent. For cDNA synthesis, the synthesis was performed using the reverse transcription reagent VAZYME R232. The final PCR reaction was performed on a quantitative real-time PCR instrument. The reaction parameters included the denaturation process (30s at 95°C), followed by 40 PCR cycles (5s at 95°C and 34s at 60°C). The melting curve of the PCR product was established, and after the amplification reaction, the temperature was slowly heated from 60°C at (95°C, 15s, 60°C, 60s, 95°C, 15 s) to 99°C (instrument automatic ramp rate 0.05°C/s). Quantitative real-time PCR reactions were performed for target and housekeeping genes for each sample. We calculated the relative expression levels of the three genes using the 2 ^ (-δδ ct) method. Since the experimental results of FABP 4 and DPYSL2 were fit to a normal distribution, the analysis was performed using the one-way ANOVA test. We used the Kruskal-Wallis test for statistical analysis for OCIAD2 genes whose results do not conform to the normal distribution (Supplementary file 1). The sequence of the primers is as follows:

DPYSL2, 5’-CCCTGCAGAACATCAACGAC-3’ (forward) and 5’-GGCATCTGGAAACGAGTGTG-3’ (reverse); OCIAD2, 5’-GTCTGCTCGTGGAAACCAAG-3’ (forward) and 5’-CAAGAGACCAGCAAGTGCAAC-3’ (reverse); FABP4, 5-GATGACAGGAAAGTCAAGAGCAC-3’ (forward) and 5’-GACGCCTTTCATGACGCATTC-3’ (reverse); and GADPH,5’-TCTGACTTCAACAGCGACACC-3’ (forward) and 5’-CTGTTGCTGTAGCCAAATTCGT-3’ (reverse).





3 Results



3.1 Establishment of a co-expression network and selection of key modules

The absolute deviations in the median top 25% of genes were selected for constructing WGCNA, and missing values and outliers in the samples were subsequently removed by cluster analysis. To maintain consistency with the scale-free network, we set the soft threshold β to 5 (scale-free R2 = 0.91; slope =-1.67) (Figures 1A, B). We also analyzed the gene expression in the normal and LUAD samples and plotted the results as a heatmap(Figure 1C). We built a co-expression matrix and obtained seven modules with the help of dynamic hybridization shear (Figure 2A). The relationship between these seven modules and the LUAD and healthy samples is shown in the heatmap. The turquoise module has the highest correlation (cor) (cor = 0.89; P=1e-31) (Figures 2B, C). Moreover, after our correlation analysis, we found that in the turquoise module, GS and MM are also well correlated(cor=1.51; P=1.3e-08) (Figure 2D).




Figure 1 | Determine the soft threshold ability in WGCNA. (A) Scale-free fit index and average connectivity for different soft threshold powers (β). Positions with a correlation coefficient of 0.9 are marked with a red line, corresponding to a soft threshold power of 5. (B) Histogram of the connectivity distribution and checking the scale-free topology map. (C) Heatmap of the correlation of genes in the experimental and control groups.






Figure 2 | Establishment of the WGCNA module. (A) Cluster plot of genes in the top 25% of the median absolute deviation. Each color in the horizontal axis corresponds to a module, and each branch in the graph indicates the gene. (B) Heat map of the module-characteristic relationship. (C) Bar graph of the distribution of average gene significance in different modules. (D) Scatterplot depicting the relationship between gene module membership and gene significance in the turquoise module.






3.2 Identification of DEGs and selection of HUB genes

For the DEGs, our filtering criteria were P <0.05 and | logFC |> 1, including 354 differential expressed genes and displaying the results on the volcano plot (Figure 3A). We further selected 87 genes with higher connectivity in the turquoise module using |GS|> 0.20 and |MM|> 0.80 as screening criteria. The results of these two screens were compared, and their intersection was selected as candidate HUB genes, and 85 genes were combined (Figure 3B). Ultimately, after a further screening of these genes using the LASSO analysis, we were able to obtain 12 genes (ADAMTS8, CD36, DPYSL2, FABP4, FGFR4, HBA2, OCIAD2, PARP1, PLEKHH2, STX11, TCF21, TNNC1) (Figures 3C, D).




Figure 3 | Identification of the DEGS and selection of the HUB genes. (A) Volcano plot of DEGS between LUAD samples and healthy control tissues. (B) A Venn diagram of the intersection of the DEGS and the turquoise module. (C) The relationship of partial likelihood bias with log (L) changes plotted by LASSO regression in the 10-time cross-validation. (D) Distribution of LASSO coefficient for 12 HUB genes in 10-fold cross-validation.






3.3 Functional enrichment analysis of DEGs

Next, we investigated the function of the DEGs screened above; We performed GO analysis on 354 genes. According to the results, we know that DEGs mainly focus on the regulation of genes or pathways (e.g., transforming growth factor receptor signaling pathway, positive regulation of gene expression, negative regulation of transcription by RNA polymerase II promoter), vascular development (e. g., angiogenesis, angiogenesis, vascular development), immune response and inflammatory response (e. g. inflammation, cellular response of interleukin-1, positive regulation of interleukin-6 production), and even play an essential role in alveolar development (Figure 4). According to the KEGG analysis, We can also learn that DEGs are mainly enriched in the following pathways, pathways of immunological and inflammation-related diseases (AGE-RAGE signaling pathway in diabetic complications, fluid shear stress, and atherosclerosis, rheumatoid arthritis), there are also some immune-related pathways (IL-17 signaling pathway, TNF signal channel, the TGF signaling pathway, PPAR signaling pathway, and other pathways)(Figure 5). The GO analysis and KEGG analysis showed that there are many biological processes and signaling pathways related to the immune-inflammatory response in the development and development of LUAD.




Figure 4 | (A) Heatmap of biological process enrichment of DEGs. (B) Corresponding annotation for the GO ID.






Figure 5 | (A) Heatmap of signal pathway enrichment of DEGs. (B) The KEGG ID corresponds to the annotation.






3.4 Immunohistochemical staining of HUB genes in normal tissues and tumor tissues

IHC staining results were paired as shown in Figure 6. On the left of each pair of images is the gene staining in normal lung tissue, and on the right is the staining in lung cancer samples. We can estimate the expression level of HUB genes, and it is clear that two HUB genes, OCIAD2 and PARP 1, have higher expression in lung cancer samples (Figures 6A, B), while the remaining HUB genes have more expression in normal samples (Figures 6C–K). Unfortunately, we were unable to find the PLEKHH2 staining results, and we will continue to follow up on the results in follow-up studies.




Figure 6 | (A–K) Results of the immunohistochemical staining of OCIAD2, PARP 1, ADAMTS8, CD36, DPYSL2, FABP4, FGFR4, HBA2, STX11, TCF21, and TNNC 1, on the left of each pair of images, is the staining of genes in normal lung tissue, and on the right is the staining in lung cancer samples.






3.5 Validation of HUB gene expression levels and diagnostic value

We assessed the expression levels of the 12 HUB genes by box plots. The results indicated that only OCIAD2, PARP 1 were significantly increased in the control group (Figures 7G, H) (P <0.001), while the other ten genes, ADAMTS8, CD36, DPYSL2, FABP4, FGFR4, HBA2, PLEKHH2, STX11, TCF21, TNNC1 were higher in the control group (Figures 7A–F, I–L). Next, we also externally verified the expression levels of these 12 HUB genes using the TCGA-LUAD dataset, and validation results were in agreement with our experimental group (Figures 7M–X). In the ROC curve analysis of the 12 HUB genes, the area under the curve (AUC) of the HUB gene represents the sensitivity and specificity of the HUB gene for the diagnosis of LUAD. From the ROC curve, we can know that the AUC values of all 12 HUB genes were> 0.93, indicating the high value of HUB genes for the diagnosis of LUAD (Figure 8A). While in the TCGA-LUAD cohort, the AUC values, except for PAPR 1 and PLEKHH2, were 0.884 and 0.839, respectively. The AUC values for the remaining HUB genes were all> 0.95, which coincident with the findings from our cohort study above (Figure 8B).




Figure 7 | Verification of the 12 HUB genes at the gene expression level. (A–L) Verification of the HUB genes in the GSE63459 and GSE176348 (M–X) Verification of the HUB gene in the TCGA-LUAD cohort (* represents P <0.05, ** represents P <0.01, and *** represents P <0.001).






Figure 8 | Verification of the diagnostic value of the 12 HUB genes. (A) Verification of the HUB genes in the GSE63459 and GSE176348 cohorts. (B) Validation of the HUB gene in the TCGA-LUAD cohort.






3.6 Prognostic analysis of HUB genes

We partitioned LUAD samples into two groups (high and low expression groups) based on the TCGA-LUAD database. Kaplan-Meier curves were performed for the HUB gene in order to analyze its prognostic relationship to LUAD patients. According to the results, the high expression of OCIAD2 and PARP1 is linked to poor prognosis in LUAD patients (Supplementary Figures 1G, H). However, high expression of ADAMTS8, CD36, DPYSL2, PLEKHH2, STX11, and TCF21 tends to lead to better prognosis (Supplementary Figures 1A–F, I–L), which coincides with the difference in expression of these HUB genes in normal samples and lung cancer samples.




3.7 Immune cell infiltration and its correlation with HUB genes

We compared and analyzed the immune cell infiltration of LUAD samples and the control group with the ssGSEA algorithm. The graph shows the distribution of 28 immunocytes in two datasets, GSE63459 and GSE17634 (Figure 9A). Shown according to its results, the CD4+T cells, CD8+T cells, natural killer (NK) cells, and Bcell in LUAD samples were higher than that in normal samples, and this result indicates that these cells play a significant role in the progression of LUAD (Figure 9B). According to the correlation analysis of HUB genes and immune cell infiltration, most of these HUB genes showed a positive correlation with immune infiltrating cells, such as macrophage, CD4 + T cell, CD8 + T cell, and NK cell. CD8 + T cell exerts antitumor effects in a wide range of cancers. It should be noted that OCIAD2 and PARP1 genes are negatively associated with numerous immune cells. This fits with their results leading to the poor prognosis associated with patients with LUAD (Figure 9C).




Figure 9 | Analysis of the immune microenvironment associated with LUAD. Both (A) and (B) show the distribution of 28 immune cells in the immune microenvironment of normal and LUAD samples. (C) The relationship of the 12 HUB genes with the infiltration of multiple immune cells. (* represents P <0.05, ** represents P <0.01, and *** represents P <0.001).






3.8 Enrichment analysis of GSEA immune signature gene sets

To make out that immunogenetics may exist during the progression of LUAD, we have used the immunologically signature gene set in the MsigDB database as a reference standard for DEGS GSEA. A total of 819 gene sets were significantly enriched (|normalized enrichment score (NES)|> 1; FDR Q value <0.05). These genes were mainly concentrated in CD8 T cells, NK Cells, CD4+T cells, monocytes, and regulatory T cells (Supplementary Table S1). Based on the above findings, it appears that many immune genes play an essential role in LUAD progression (Figure 10).




Figure 10 | (A, B) plots represent the enrichment map of the GSEA immune marker database for the experimental and control groups, respectively.






3.9 Detection of mRNA levels of HUB genes by RT-qPCR

After statistical analysis of the PCR results, we found that DPYSL2 (p <0.001), OCIAD2 (p <0.05), and FABP4 (p <0.001) had higher expression in A549 compared to BEAS-2B, showing a statistically significant difference. The expression content of DPYSL2 was lower in H1299 cells compared to t BEAS-2B (p <0.01). Although the expression difference of FABP 4 and OCIAD2 genes in H1299 was not statistically significant, they both showed a trend to increase (Figure 11). These experimental results can better support our study. Nevertheless, the results may require further study with a larger sample size.




Figure 11 | The mRNA levels of DPYSL2, OCIAD2, and FABP 4 were measured in human normal lung epithelial cell lines (BEAS-2B) and LUAD cell lines (A549 and H1299), respectively. (* represents P <0.05, ** represents P <0.01, and *** represents P <0.001).







4 Discussion

Using high-throughput microarray technology is a more efficient and accurate bioinformatics method when finding and screening key genes related to the mechanism of cancer development. This technology can also help us diagnose and treat diseases and help us in the design of new drugs. DEG is primarily enriched in leukocyte activation and production, alveolar development, the development of angiogenesis as well as certain immune responses, which are related to the mechanism of LUAD development (17). Analysis of the KEGG showed that DEGs were primarily enriched in immune-related pathways (IL-17 signaling pathway, TNF signal channel, The TGF signaling pathway, PPAR signaling pathway, and other pathways). The cytokine IL-17 can mediate a variety of physiological effects (18, 19). IL-17 is produced primarily by both innate and adaptive immune cells, whose main role is to exert its immune regulatory function by promoting the production of various proinflammatory cytokines and chemokines (IL-6, IL-23, transforming growth factor- β, tumor necrosis factor, etc.), leading to the accumulation of neutrophils and macrophages at the site of inflammation (20–22). IL-17 can stimulate lung tumor growth by promoting angiogenesis and proliferative activation (23, 24). IL-17 in the immune microenvironment can also induce lung cancer metastasis and spread (25). It has also been shown that treatment with a neutralizing anti-IL-17A antibody can reduce the angiogenesis of the tumor as well as reduce the inflammatory response, thereby reducing the growth of lung cancer progression (24, 26). IL-17 is overexpressed in a variety of lung cancer types. During the development of LUAD, the recruitment of numerous neutrophils by IL-17 leads to sustained inflammatory damage (27). All point to a strong link between IL-17 with LUAD progression and prognosis, and these studies are in good agreement with the DEGS enrichment results indicating that there are indeed genes within DEGS that are important in LUAD development.

Traditional DEG-based screening approaches are only capable of local analysis of datasets, which can easily cause the omission and loss of core genes. WGCNA can help us to systematically construct individual biological interaction network maps that can help us to identify core genes that are highly associated with disease prognosis (28, 29). Therefore, we used WGCNA to search for genes highly associated with LUAD and crossed the present results to previous DEGS to obtain highly related and differential genes. After screening these genes by LASSO analysis, the next 12 HUB genes were identified: ADAMTS8, CD36, DPYSL2, FABP4, FGFR4, HBA2, OCIAD2, PARP1, PLEKHH2, STX11, TCF21, TNNC1. These 12 key genes showed distinct differences in expression levels in LUAD samples and healthy samples. Notably, Of these, only OCIAD2 and PARP1 were found to be significantly highly expressed in tissues from LUAD samples, whereas the remaining 10 genes showed higher levels of expression in the control groups.

ADAMTS8 comes from integrins and metalloproteinases of the thrombospondin motif, and some studies show that ADAMTS8 is closely associated with vascular endothelial growth factor A (VEGFA), and some studies have found that ADAMTS8 expression in lung cancer is very low (30, 31). DPYSL2 is extremely highly associated with breast cancer, which can be expressed in breast cancer cells through axonal guidance. We can also use DPYSL2 to inhibit breast cancer progression and metastasis by inducing reversal. At the same time, numerous studies have demonstrated that phosphorylation of DPYSL2 and DPYSL2 is associated with drug resistance and tumor metastasis (32, 33). OCIAD2 belongs to the ovarian cancer immune response antigen (OCIA) domain family, which consists of 154 amino acids. It fulfills its role in tumor metastasis by promoting STAT3 activation and cell migration. And OCIAD2 is also highly expressed in lung adenocarcinoma but also ovarian mucinous tumors (33, 34). PARP1 is the central enzyme for cellular PAR production and a major target for polyadenosine diphosphate ribosylation during DNA damage. Upon DNA strand breaks, PARP1 performs DNA repair by covalently connecting the ADP-ribose moiety to the acceptor site of some amino acids on itself and other proteins (35, 36). Transcription factor 21 (TCF21) belongs to the class bHLHII superfamily of transcription factors and is expressed in various tissues and organs, it’s not only related to different biological processes, such as the development of the reproductive system (support cell differentiation and sex determination), respiratory system, spleen development, it also involved in regulating RNA polymerase to transcription process and so on (37, 38). CD36 is a membrane glycoprotein, as well as a scavenger receptor, which is found in a wide variety of cells. CD36 plays a major role in regulating atherosclerosis via a variety of pathways (39, 40).

The above studies we performed showed that DEGS is inextricably linked with inflammatory response, immune response, various cytokines, chemokines, and IL-17 factors. In this study, the infiltration of 28 immunocytes in the immune microenvironment of LUAD samples was investigated by the ssGSEA algorithm. The results showed that CD4 + T cells, CD4 + T cells, CD8 + T cells, natural killer (NK) cells, and Bcell were more infiltrated in LUAD samples than in normal samples. All of these cells are important in LUAD progression (24, 41, 42). However, following correlation analysis of HUB genes and infiltrating immune cells, in our study, most of these HUB genes were found to positively correlate with immune-infiltrating cells such as Macrophage, CD4 + T cells, CD8 + T cells, and NK cells. While CD8 + T cell has extensive anticancer effects (43). Macrophages play an immune role in a variety of tumors (lung cancer, breast cancer, liver cancer, etc.) (44, 45). Notably, OCIAD2 and PARP 1, which are inversely related to many immune cells, coincide with the results that these two genes are associated with the poor prognosis of lung adenocarcinoma. IL-17 mainly originates from Th17 cells, while Th17 cells mainly originate from CD4 + T cells, and high-level expression of IL-17 leads to inflammatory damage of inflammatory cells like neutrophils and leads to tumor vascular growth, both of which lead to the progression and metastasis of lung tumors. The enrichment of Tregs (regulatory T cell) is correlated with the occurrence, progression, metastasis, and prognosis of various malignancies, including lung cancer (46). Whereas the transcription factor Foxp 3 is the main regulator of Treg cell development and inhibitory activity, and this transcription factor is closely related to autoimmune diseases and a stable immune environment (47). In addition to producing plasma cells involved in the pathological process of LUAD, B cells can produce various cytokines that stimulate Tcell activation, thereby reducing the anti-inflammatory properties of regulatory Tcell and promoting the proliferation and differentiation of effector T cells. The above findings indicate that T cell homeostasis in the immune microenvironment is related to the occurrence, development, and prognosis of LUAD (48). Finally, to investigate the possible immune mechanisms during the development of LUAD, we used the immunological marker gene set in the MsigDB database as a reference for DSGS GSEA and found that activated CD8 T cells, NK Cells, CD4+T cells, monocytes, and regulatory T cells had enhanced expression in DEGS. This suggests that LUAD progression may be linked to the activation of T lymphocytes, monocytes, B lymphocytes, and various cytokines produced by themselves or by their interactions. These studies suggest that these HUB genes may have a potential relationship with the development of LUAD.

To conclude, we selected turquoise by WGCNA and LASSO regression analysis, combined with multiple bioinformatic analyses, and ultimately selected the 12 HUB genes with the highest correlation to LUAD (ADAMTS8, CD36, DPYSL2, FABP4, FGFR4, HBA 2, OCIAD2, PARP1, PLEKHH2, STX11, TCF21, TNNC1), and we analyzed and verified the functions of these genes in the present study. The results of this study will provide initial insights and novel insights into the underlying immunomodulatory mechanisms of LUAD. We will further investigate and explore the more sensitive and specific diagnostic markers of LUAD to provide new directions for LUAD diagnosis, treatment regimen, prognosis, and drug design.
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Background

IBSP is a member of the small integrin-binding ligand N-linked glycoprotein (SIBLING) family that plays a vital role in bone formation, renewal and repair. Emerging evidence revealed that IBSP participated in the tumorigenesis and progression in some cancers. However, its significance in tumour prognosis and immunotherapy is still unknown.





Methods

In the current study, we studied the role of IBSP in tumorigenesis, tumor diagnosis, genomic heterogeneity, methylation modifications, immune infiltration, and therapy response in pan-cancer. In addition, we constructed a risk score model to assessed the prognostic classification efficiency of IBSP using the co-expression genes of IBSP in osteosarcoma (OS), and analyzed the expression and role of IBSP in OS through a series of assays in vitro.





Results

IBSP was upregulated in various cancers compared to the paired normal tissues, and it was strongly correlated with the prognosis, pathological stage, diagnostic accuracy, genomic heterogeneity, methylation modification, immune infiltration, immune and checkpoint. Moreover, the predictive model we established in combination with the clinical characteristics of OS patients showed high survival predictive power in these individuals. The assays in vitro showed that IBSP promoted the proliferation, migration and invasion of OS cells, which further confirmed IBSP’s role in cancers.





Conclusions

Our research revealed the multifunctionality of IBSP in the tumorigenesis, progression and therapy in various cancers, which demonstrated that IBSP may serve as a potential prognostic biomarker and a novel immunotherapy target in pan-cancer.





Keywords: IBSP, pan-cancer, prognosis, immunotherapy, osteosarcoma




1 Introduction

Osteosarcoma (OS) is the most prevalent primary malignant bone tumor, with an annual incidence of 3-4.5 cases per million individuals worldwide (1), and it occurs most frequently in children and adolescents, followed by the elderly over 60 (2). OS is a highly heterogeneous and aggressive malignancy that is prone to distant metastasis at an early stage, with the lungs being the most common metastasis site (3). Since the 1970s, neoadjuvant chemotherapy has been used clinically extensively, the five-year survival rate of OS patients with minimal lesions has increased dramatically from 20% to over 60% (4). However, the overall survival and prognosis of OS patients, particularly those with distant metastases and postoperative recurrence, haven’t improved since then (5). Therefore, to ameliorate the prognosis and overall survival of OS patients, novel therapy targets are urgently required.

The integrin-binding sialic acid protein (IBSP) gene is located in the q28-q31 region of chromosome 4 (6). As a member of the small integrin-binding ligand N-linked glycoprotein (SIBLING) family, the secreted bone sialoprotein (BSP) encoded by it is the main structural protein of the bone matrix and is involved in the early process of regulating bone mineralization (7, 8). IBSP was initially found to play a role in promoting bone formation, bone renewal and repair in some studies (8), but some recent researches have revealed that the overexpression of IBSP is correlated to a poor prognosis in some cancers, such as breast cancer (9), colon cancer (10), esophageal cancer (11) and renal cell cancer (12). According to these studies, IBSP may be a promising biomarker for prognosis prediction in various cancers. However, no research has explored the pan-cancer analysis of IBSP using systematic multi-omics analysis.

In the current study, we performed a comprehensive pan-cancer analysis of IBSP using different bioinformatics approaches, we focused on the correlation of its overexpression with immune infiltration, epigenetic modifications and prognosis in various cancers. We also verified its role in OS using the experiments in vitro. In addition, we constructed a risk score model based on IBSP-related genes for OS patients and validated the model using the data from an external dataset.




2 Materials and methods



2.1 Data acquisition and differential expression analysis

RNA-Seq data from the Cancer Genome Atlas (TCGA) pan-cancer dataset (10,536 samples) and Genotype-Tissue Expression (GTEx) dataset (7,863 samples) were downloaded from the UCSC Xena (xena.ucsc.edu/). The “Primary Tumor” and “Solid Tissue Normal” data were extracted from the TCGA pan-cancer dataset and visualized by the R software (version 4.2.1). IBSP expression in tumor and normal tissues were explored using the Tumor Immune Estimation Resource 2.0 (TIMER2.0, http://timer.cistrome.org/). IBSP expression in pan-cancer were analyzed using the Sanger (http://sangerbox.com/). IBSP expression in different tumor stages were analyzed using the GEPIA 2 database (http://gepia2.cancer-pku.cn/). The data of OS patients were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) and the GDC database (https://portal.gdc.cancer.gov/). The RNA-seq and clinical phenotype data about 88 patients were downloaded from the GDC database. The GEO database was searched for datasets containing “OS” and “Homo sapiens”, with the inclusion criteria being the number of samples exceeded 50, the results are shown in GSE21257 (GPL10295). In addition, we obtained two datasets containing OS tissues and normal tissues from the GEO database (GSE16088 and GSE42352).




2.2 The correlation between IBSP and prognosis of pan-cancer

The association between IBSP and overall survival or disease-free survival (DFS) in pan-cancer were analyzed using the GEPIA2 database, patients were divided into high and low expression groups based on the median of IBSP expression value in the TCGA pan-cancer dataset. Meanwhile, R software was used to plot the connection between IBSP expression and pan-cancer prognosis, the Kaplan-Meier method was used to analyze overall survival, disease-free interval (DFI), disease-specific survival (DSS) and progression-free interval (PFI).




2.3 Genetic alterations of IBSP in pan-cancer

The IBSP mutation types and mutation frequencies of multiple cancers in the cBioPortal database (https://www.cbioportal.org/) were analyzed according to the TCGA pan-cancer dataset (32 cancers, a total of 10,967 samples). The frequency of IBSP mutations in TCGA tumor types was explored in the TIMER2.0 database. The Sanger was used to analyze the relationship between tumor mutation burden (TMB) and microsatellite instability (MSI) and pan-cancer IBSP expression.




2.4 Correlation and functional enrichment analyses

The Correlations of IBSP expression with StromalScore, ImmuneScore, and ESTIMATEScores were performed for each TCGA tumor type using the Sanger online site, the results were imported into R software, and radar plots were created using the “ggradar” package. Similarly, the correlation between IBSP and immune cell infiltration levels (Timer), RNA modification genes (m6A, m5C, m1A) and immune checkpoint genes (ICP) in TCGA tumors was analyzed in Sanger.

Eighty-four samples in the TARGET-OS dataset and 53 samples in the GSE21257 dataset had corresponding clinical information, the sample information for the two datasets is shown in Table S1. The TARGET-OS dataset and the GSE21257 dataset were calculated separately, and genes with |rho|>0.5 and p<0.05 were extracted as IBSP-related genes using the “spearman” correlation method. The IBSP-related genes were imported into Cytoscape software (version 3.9.1) to plot the IBSP-related gene network. In the Metascape database (https://metascape.org), investigations of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment were carried out. The Venn diagrams were plotted to extract the intersection of IBSP-related genes in the TARGET-OS dataset and the GSE21257 dataset.




2.5 Establishment and evaluation of predictive models in OS

The TARGET-OS dataset was used as the training set and the GSE21257 dataset was used as the external validation set. The univariate Cox analysis was performed on the IBSP-related genes shared by the two datasets, and the genes exhibiting significant differences in the univariate Cox analysis were screened using the Least Absolute Shrinkage and Selection Operator (LASSO) regression, and the risk score model was established based on the sum of the lasso regression coefficients and the product of gene expression. The median risk score value was used as the threshold of the high-risk and low-risk groups. Nomogram were constructed by combining the clinical characteristics of OS patients, and the model’s predictive power was evaluated using calibration curves and time-dependent ROC curves.

The “estimate” package (13), “GSVA” package (14) and “IBOR” package (15) were used to calculate the ESTIMATE score, estimate the degree of immune cell infiltration for the high and low-risk groups. The correlation of risk score with ICP genes and ligand genes was analyzed in the TARGET-OS dataset by the “spearman” method, all ICP and ligand genes are shown in Table S2. Assessing the potential clinical efficacy of immunotherapy in different risk groups through the Tumor Immune Dysfunction and Exclusion online websites (TIDE, http://tide.dfci.harvard.edu/).




2.6 Cell culture and cell transfection

Human normal osteoblast (hFOB), normal liver cells (L-02), esophageal epithelial cells (H031), lung epithelial cells (BEAS-2B), renal epithelial cell (H193), breast epithelial cells (MCF 10A), lung epithelial cells (HCoEpiC) and all the cancer cell lines were obtained from Xiangya Medical College Cell Bank (Changsha, China). Saos-2 cells were cultured in McCoy’s 5A medium (Gibco, Waltham, MA, USA), and the others were cultured in Dulbecco’s Modified Eagle Medium (Gibco) with 10% FBS (Gibco). shRNAs were obtained from Genechem (Shanghai, China). The cells were transfected according to the recommended protocol, and screened using 2 ug/mL puromycin (Beyotime, China). The sequences of shRNA-IBSP were as follows:

	shIBSP-1, forward 5’-GCCUAUGAAGAUGAGUACA-3’,

	reverse 5’-UGUACUCAUCUUCAUAGGC-3’;

	shIBSP-2, forward 5’-GGCACCUCGAAGACAACAA-3’,

	reverse 5’-UUGUUGUCUUCGAGGUGCC-3’;

	negative control (shNC), forward 5’-UUCUCCGAACGUGUCACGU-3’,

	reverse 5’- ACGUGACACGUUCGGAGAA-3’.






2.7 Quantitative real-time PCR

PrimeScript RT kits (TaKaRa, Japan) were used for biosynthesis of cDNA. SYBR Premix ExTaq (TaKaRa, Japan) were used for qPCR. The detailed steps are carried out according to the recommended protocol. mRNA primers were as follows:

	IBSP, forward 5’-AACAAGGCATAAACGGCACCAGTA-3’,

	reverse 5′-CGGTAATTGTCCCCACGAGGTT-3′;

	GAPDH, forward 5′-CGGGAAGCTTGTCATCAATGG-3,

	reverse 5′-GGCAGTGATGGCATGGACTG-3′.






2.8 Western blot analysis

The protein extraction and western blotting procedures used have been described in our previous study (16). The antibodies were as followed: GAPDH (1:2000; Cell Signalling Technologies, Danvers, MA, USA), IBSP (1:1000; Proteintech, Rosemont, IL, USA), MMP2 (1:1000; Proteintech) and MMP9 (1:1000; Proteintech).




2.9 Immunohistochemistry, immunofluorescence, CCK-8, wound healing assay, transwell assay and colony formation assay

The experimental procedure used has been described in detail in a previous study (16). The antibodies were as followed: IBSP (1:100; Proteintech).




2.10 Statistical analysis

All experiments in vitro were repeated three times independently. The results were reported as mean standard deviation, and the differences between the non-normally distributed variables were assessed using the Wilcoxon rank-sum test, which was performed using GraphPad Prism 9.0 and R software. Significance of differences between groups was assessed using Student’s t-test (p < 0.05 indicates statistical significance).





3 Result



3.1 IBSP is overexpression in pan-cancer

The RNA-Seq analysis from TCGA revealed IBSP was overexpressed in 18 types tumors including breast invasive carcinoma (BRCA), bladder urothelial carcinoma (BLCA), cervical squamous cell carcinoma (CESC), colon adenocarcinoma (COAD), glioblastoma multiforme (GBM), cholangiocarcinoma (CHOL), esophageal carcinoma (ESCA), head and neck squamous cell carcinoma (HNSC), kidney renal papillary cell carcinoma (KIRP), kidney renal clear cell carcinoma (KIRC), kidney chromophobe (KICH), uterine corpus endometrial carcinoma (UCEC), liver hepatocellular carcinoma (LIHC), lung adenocarcinoma (LUAD), lung squamous carcinoma (LUSC), stomach adenocarcinoma (STAD), thyroid cancer (THCA) and rectal adenocarcinoma (READ) (Figure 1A). Analysis of IBSP expression in the TIMER2.0 database further validated our finding (Figure 1B). Combined analysis of TCGA and GTEx datasets, IBSP is also overexpressed in diffuse large B-cell lymphoma (DLBC), adrenocortical carcinoma (ACC), ovarian serous cystadenocarcinoma (OV), pancreatic adenocarcinoma (PAAD), brain Lower Grade Glioma (LGG), uterine carcinosarcoma (UCS), skin cutaneous melanoma (SKCM), thymoma (THYM), and prostate adenocarcinoma (PRAD) (Figures 1C, D). We further investigated the association between IBSP and the pathological stage in each tumor, the result revealed that elevated IBSP expression indicated advanced pathological stages in the following tumor types: KIRC, HNSC, KIRP, LUAD, KICH, LIHC, THCA and READ (Figure 1E). Moreover, the ROC curve analysis of the TCGA pan-cancer dataset revealed that IBSP had high diagnostic accuracy in CESC, BRCA, COAD, CHOL, HNSC, ESCA, LUSC, STAD and GBM; Moderate diagnostic accuracy was found in KICH, BLCA, LIHC, KIRC, PCPG, UCEC, LUAD, THCA, SARC and READ; Low diagnostic accuracy in KIRP, PAAD, PRAD, and THYM (Figure S1). These results suggested that IBSP was upregulated in various cancers, and it may be used as a biomarker for the diagnosis of cancers.




Figure 1 | Different expression of IBSP in pan-cancer. (A) The mRNA expression of IBSP from the TCGA datasets. (B) The mRNA expression of IBSP from the TIMER database. (C) The mRNA expression of IBSP from the TCGA and GTEx datasets. (D) The mRNA expression of IBSP from the TCGA and GTEx datasets were analyzed using the Sanger. (E) The mRNA expression of IBSP in different tumor stages were analyzed in the GEPIA2 database. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. ns, no significance.






3.2 IBSP correlates with the prognosis of multiple tumors

Analysis of the GEPIA2 database suggested the overexpression of IBSP significantly reduced the overall survival in KIRC, KIRP, LIHC, LGG, READ and LUAD (Figure 2A). Additionally, IBSP overexpression decreased patients’ DFS in ESCA, GBM, KIRC, LGG, LIHC, mesothelioma, PAAD and READ (Figure 2B). According to the classification of physiological system, COAD, CHOL, LIHC, ESCA, STAD, READ, PAAD, and PAAD belongs to the digestive system cancers, UCS, UCEC, TGCT, PRAD, OV, and CESC belongs to the reproductive system cancers, BLCA, KICH, KIRC, and KIRP belongs to the urinary system cancers, then survival analysis was performed in the GEPIA2 database according to this new classification. The results indicated that patients with IBSP overexpression in digestive system tumors, reproductive system tumors and urinary system tumors had shorter overall survival (Figure 2C). Similarly, patients with high IBSP expression had shorter DFS in digestive system tumors, reproductive system tumors and urinary system tumors (Figure 2D). Finally, survival analysis of the TCGA pan-cancer datasets revealed that IBSP overexpression was linked to a shorter overall survival, DFI, DSS and PFI in multiple cancers (Figures S2A–D). These data suggested IBSP overexpression is correlated to a poor prognosis in multiple cancers.




Figure 2 | Effects of IBSP expression on the prognosis of pan-cancer. (A) Effects of pan-cancer IBSP expression on overall survival. (B) Effects of pan-cancer IBSP expression on disease-free survival. (C) Effects of IBSP expression on overall survival in digestive system tumors, reproductive system tumors and urinary system tumors. (D) Effects of IBSP expression on disease-free survival in digestive system tumors, reproductive system tumors and urinary system tumors.






3.3 The mutational landscape of IBSP in pan-cancer

The cBioPortal database was analyzed for the genetic alterations of IBSP, the results indicated that IBSP alterations occurred in 20 types cancer in total, among which UCEC having the highest level of alterations, along with “mutation” was the main type, while in BLCA and OV respectively, “amplification” and “deep deletion” were the main types (Figure 3A). Then the analysis of the Timer2.0 database showed that IBSP mutations occurred in 16 tumors, among which UCEC also having the highest level of mutation (Figure 3B). In addition, A total of 91 mutations sites were detected in IBSP, among which “missense” was the predominant type, followed by “truncating mutations” (Figure 3C). We also analyzed the TCGA pan-cancer dataset for the counts of IBSP mutation in the tumors, the result showed widespread genetic alterations of IBSP (Figure 3D). Furthermore, we analyzed the association between the IBSP mutation and the clinical outcomes of different tumors (Figures S3A-R), only PRAD patients with IBSP mutation had poor prognosis in overall survival (p = 9.320e-4) (Figures S3R). The relationship between IBSP and TMB/MSI of the tumors were analyzed by the Sanger, the results revealed that IBSP was positively related to TMB in 13 tumors and negatively related to KIRP (Figure 3E), and it was positively related to MSI in LUSC, STAD, COAD, LIHC and TGCT, and negatively related to LUAD (Figure 3F).




Figure 3 | The mutational landscape of IBSP in pan-cancer. (A) The genetic alterations of IBSP in the cBioPortal database. (B) The genetic alterations of IBSP in The TIMER2.0 database. (C) The mutant sites and mutations types of IBSP. (D) The counts of IBSP mutation in the pan-cancer from the TCGA dataset. (E, F) The relationship between IBSP and TMB/MSI of pan-cancer were analyzed by the Sanger.






3.4 IBSP is associated immune infiltration and RNA modifying molecules in multiple tumors

Data analyzed by the Sanger suggested that IBSP in STAD and TGCT were negative correlated with ESTIMATEScores, which suggested that IBSP overexpression was associated with reduced stromal cell and immune cell in both tumors, resulting in higher tumor purity. However, in BLCA, COAD, GBM, HNSC, KICH, KIRC, KIRP, LGG, LUAD, OV, PAAD, PCPG, READ, SKCM, THCA and UVM, IBSP expression was positively correlated with the ESTIMATEScores (Figures 4A–C). Previous studies have verified that immune cell infiltration and RNA modification molecules are closely related to tumor development, metastasis and prognosis (17, 18). Therefore, we assessed the correlation of IBSP with pan-cancer immune cell infiltration and RNA modification molecules using the Sanger, the result suggested that IBSP was related to all six types of immune cells in LGG, TGCT, KIRP, KIRC, and BLCA (Figure 4D). We further explored the relationship between IBSP and 60 immune checkpoint genes (including 36 stimulatory and 24 suppressive genes), and found a substantial relationship between IBSP and five immune-suppressive checkpoint genes (TGFB1, HAVCR2, IL10, CD276, and VGEFA) in most tumors (Figure 4E). Meanwhile, the analysis on the relationship between IBSP and RNA modification showed that it was also substantially associated to three main types of RNA modification-related molecules (m6A, m5C and m1A) in HNSC, SKCM, LIHC, ESCA, and TGCT (Figure 4F).




Figure 4 | Correlation analysis for IBSP expression with immune cell infiltration levels, immune checkpoints, and RNA modification-related molecules. (A–C) The correlation between IBSP expression and StromalScore, ImmuneScore and ESTIMATEScore. (D) The correlation between IBSP expression and tumor infiltration levels was analyzed in the TIMER database. (E) Pan-cancer co-expression analysis for IBSP and immune checkpoint genes (ICP). (F) Co-expression analysis for IBSP and RNA modification-related molecules. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.






3.5 Enrichment and survival analysis of IBSP in OS

The aforementioned analysis showed that IBSP may be a potential tumor prognostic marker in various cancers. While, IBSP serve as an indicator of cancer bone metastasis (9, 19–23), its role and mechanism in the primary bone malignancies is still unknown, so we attempted to study its expression and function in OS. In the GSE16088 dataset and GSE42352 dataset, IBSP was significantly over-expressed in OS tissues than that in the paired normal tissues (Figures 5A, B). Moreover, OS patients with higher IBSP expression had shorter survival (Figures 5C, D). In the TARGET-OS dataset, the prediction accuracy of IBSP for the 1/3/5 years survival rates of OS patients was 0.552, 0.590, and 0.635 respectively (Figure 5E). In the GSE21257 dataset, the prediction accuracy of IBSP for the 1/3/5 years survival rates of OS patients was 0.643, 0.658, and 0.754 respectively (Figure 5F). It suggested that similar to other tumors, IBSP was a prognostic biomarker in OS, and it can predict patients’ survival. To analyze the biological processes and signaling pathways of the IBSP co-expressed genes in OS, we performed correlation analysis on the two datasets, and 104 IBSP-related genes from the TARGET-OS dataset and 138 IBSP-related genes from the GSE21257 dataset were merged and imported into the Cytoscape software to plot a network diagram of IBSP-related genes (Figure 5G). The Enrichment analysis of the IBSP-related genes was performed through the Metascape dataset. GO biological process (GO-BP) indicated that they were related to biomineral tissue formation, enzyme-linked receptor protein signaling pathway, tooth formation, and BMP signaling pathway. GO cell components (GO-CC) indicated that they were related to extracellular matrix and endoplasmic reticulum cavity. GO molecular function (GO-MF) showed that they were related to calcium ion binding, signal receptor activator activity and actin binding. KEGG enrichment analysis revealed that they were correlated to ECM-receptor interaction, local adhesion, TGF-β signaling pathway (Figure 5H). Finally, 40 intersection genes were screened from the TARGET-OS dataset and the GSE21257 dataset for subsequent analysis (Figure 5I).




Figure 5 | Enrichment and survival analysis of IBSP in OS. (A, B) The mRNA expression of IBSP from the GSE16088 and GSE42352 datasets. (C, D) Effects of IBSP expression on overall survival in the TARGET-OS and GSE21257 datasets. (E, F) The prediction accuracy of IBSP for the 1/3/5 years survival rates of OS patients in the TARGET-OS and GSE21257 datasets. (G) A network diagram of IBSP-related genes in the TARGET-OS and GSE21257 datasets. (H) GO and KEGG functional enrichment analysis of the molecules interacted with IBSP. (I) 40 intersection genes were screened from the TARGET-OS dataset and the GSE21257 dataset. **P < 0.01, ****P < 0.0001.






3.6 Construction and evaluation of OS prediction model

Univariate Cox analysis of the 40 IBSP-related genes was performed in the training set TARGET-OS, the results showed that 24 genes exhibited differences in survival (Figure 6A). Then the 24 genes were subjected to the LASSO regression analysis, and three genes (CPE, CGREF1 and SOST) were screened out (Figure 6B). The risk score calculation formula was as follows: risk score=0.044*CPE+0.005*SOST+0.308*CGREF1. The relationship between IBSP and the three gene expressions and their risk scores in the TARGET-OS and GSE21257 datasets was evaluated using the “spearman” correlation method, the results revealed that IBSP was positively related to their expression and risk scores (Figures S4A, B). The risk scores of different clinical characteristics were calculated in the TARGET-OS dataset, the results showed that Female gender, age under 18, and tumor metastasis are risk factors for reduced survival (Figures S5A–D). In the TARGET-OS dataset, higher risk groups had shorter overall survival (Figure 6C), and the 1/3/5 years survival prediction accuracy of the risk score were 0.790, 0.790, and 0.759 respectively (Figure 6D). While in the GSE21257 dataset, overall survival was also significantly reduced in the higher risk group (Figure 6E), and the 1/3/5 years survival prediction accuracy were 0.694, 0.687, and 0.770 respectively (Figure 6F). Risk score and tumor metastasis were both identified as independent prognostic factors by univariate and multivariate Cox analyses (Figure 6G). A nomogram was plotted based on these two indicators, and the value of AUC was used as a predictive indicator (Figure 6H). The results show that the 1/3/5 years survival prediction accuracy of this model are 0.948, 0.841, and 0.841 respectively (Figure 6I). The results above showed that the predictive model based on clinical characteristics and risk scores had a high predictive accuracy, and the 1/3/5-year survival predictive calibration curves further validated this model (Figure 6J).




Figure 6 | Construction and evaluation of OS prediction model. (A, B) Cox analysis and LASSO regression analysis were used to screen out the IBSP-related genes in the TARGET-OS dataset. (C) OS prediction model evaluated the overall survival in the high and low risk groups in the TARGET-OS dataset. (D) OS prediction model evaluated the accuracy for the 1/3/5 years survival rates of OS patients in the TARGET-OS. (E) OS prediction model evaluated the overall survival in the high and low risk groups in the GSE21257 dataset. (F) OS prediction model evaluated the accuracy for the 1/3/5 years survival rates of OS patients in the GSE21257 datasets. (G) Univariate and multivariate Cox analyses analyzed the clinical characteristics and risk scores. (H–J) The predictive model based on clinical characteristics and risk scores had a high predictive accuracy.






3.7 Levels of immune infiltration and RNA modification analysis in OS

We evaluated the degree of immune cell infiltration in the TARGET-OS and GSE21257 datasets based on the ssGSEA algorithm, the result revealed that the levels of immune cells infiltration between the high and low risk groups is different (Figures 7A, B). Furthermore, we analyze immune cell infiltration using the EPIC, CIBERSORT, IPS, MCPCOUNTER, QUANTISEQ, TIMER and XCELL algorithm built into the IBOR package, the similar results are present (Figures S6A–B). In both datasets, the ESTIMATEScore of the high-risk group was lower than that of the low-risk group (Figures 7C, D), which meant that the cancers in the high-risk group were more purity, and the shorter survival time of the patients may be connected to the level of immune infiltration. In TARGET-OS dataset, risk scores were negatively correlated with ICP gene receptor CD27 and ligand TNFSF14, and positively correlated with ICP gene receptor CD47 (Figure 7E). Using the TIDE online website analysis, we found the low-risk group had higher TIDE scores, which suggested that the low-risk group had an increased potential for immune escape and may have a worse response to immunotherapy (Figure 7F). Moreover, the correlation of RNA modifications with IBSP and IBSP-related genes (SOST, CGREF1 and CPE) were analyzed in the OS prediction model, the results showed that multiple m6A, m1A and m5C modification genes in the TARGET-OS dataset are closely related to IBSP and IBSP-related genes. In GSE21257 dataset, there are also multiple m6A, m1A, m5C and M7G modification genes that are closely related to IBSP and IBSP-related genes (Figures 7G, H).




Figure 7 | Relationship between IBSP expression and immune infiltration as well as RNA modification. (A, B) The levels of immune cells infiltration between the high and low risk groups in the TARGET-OS and GSE21257 datasets. (C, D) The StromalScore, ImmuneScore and ESTIMATEScore between the high and low risk groups in the TARGET-OS and GSE21257 datasets. (E) Relationship between risk score and ICP gene receptor as well as ICP ligand in the TARGET-OS dataset. (F) Analysis of immunotherapy response in the high- and low-risk groups from the TARGET-OS dataset. (G, H) The correlation of RNA modifications with IBSP and IBSP-related genes in the TARGET-OS and GSE21257 datasets. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001. ns, no significance.






3.8 IBSP is highly expressed in OS tissues and cell lines

Western blotting, immunohistochemistry, and qPCR assays were used to detected IBSP expression in tumor tissues and different cancer cell lines. Firstly, we detected its expression in several cancers with a high incidence, such as hepatic carcinoma, esophageal cancer, lung cancer, kidney cancer, breast cancer and colorectal cancer. The results showed IBSP was upregulated in these tumor tissues (Figures S7A–F). Then we validated its expression in the cancer cell lines, the results of qPCR demonstrated that its mRNA in the different cancer cell lines was elevated compared with the normal cells (Figures S7G–L); and the results of WB revealed its protein was overexpressed in the cancer cell lines as well (Figures S7M–R). Finally, we proceeded to detected its expression in OS tissues and cell lines. The results showed that OS tissues had higher levels of IBSP expression than the paired normal tissues, and that IBSP expression were elevated in advanced pathological stages (Figures 8A–C). qPCR and western blotting were used to detected the expression of IBSP in hFOB and OS cells, and it was upregulated in OS cells, especially in 143B and MG63, thus, they were selected for the further experiments (Figures 8D, E). In addition, we also examined the subcellular localization of IBSP in the OS cells, it showed that IBSP was mainly localized in the cytoplasm (Figure 8F).




Figure 8 | IBSP is overexpressed in OS. (A) IBSP expression in the OS tissues was detected by Immunohistochemistry (IHC). (B) IBSP expression in the OS tissues at different Enneking stages was detected by IHC. (C) IBSP mRNA was detected by qRT-PCR in the OS tissues and peritumor tissues (Normal). (D, E) IBSP mRNA and protein were detected by qRT-PCR in the OS cells. (F) Cellular localization of IBSP were detected by immunofluorescence (IF). *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.






3.9 IBSP knockdown suppresses OS proliferation, migration and invasion

To study the role of IBSP on the proliferation of OS, IBSP was knockdown in 143B and MG63 (Figures 9A, B). The data of CCK8 and clone formation assays revealed that IBSP knockdown inhibited OS cells proliferation in 143B (Figures 9C, D), and MG63 (Figures 9E, F). In addition, the transwell assay and the wound healing assay were carried out to clarify the role of IBSP in the metastasis of OS. The wound healing assay indicated that IBSP knockdown would reduce the closure in OS cells (Figures 10A, B). The results of transwell assays which included migration and invasion assays, suggested that OS cells permeating the membrane were reduced when IBSP was knocked down (Figures 10C–F). MMP2 and MMP9 are commonly used to indicate the metastatic potential of cancer cells. In our study, the expression of MMP2 and MMP9 were significantly reduced when IBSP was knockdown in OS cells (Figures 10G, H). The data together revealed that IBSP can promote the migration and invasion of OS cells in vitro.




Figure 9 | Silenced IBSP inhibits the proliferation of OS cells. (A, B) IBSP protein expression was detected in 143B and MG63 cells with IBSP knockdown or control. (C, D) Cell proliferation rate was detected by CCK-8 and clone formation assays in 143B. (E, F) Cell proliferation rate was detected by CCK-8 and clone formation assays in MG63. ***P < 0.001.






Figure 10 | IBSP knockdown suppresses OS cells migration and invasion. (A, B) Cell migration rate was evaluated by wound healing assays in 143B and MG63 cells with IBSP knockdown or control. (C, D) Cell migration ability was evaluated by transwell assays in 143B and MG63 cells with IBSP knockdown or control. (E, F) Cell invasion ability was evaluated by transwell assays in 143B and MG63 cells with IBSP knockdown or control. (G, H) The expression of MMP2 and MMP9 was detected in 143B and MG63 cells with IBSP knockdown or control. ***P < 0.001.







4 Discussion

IBSP is a glycoprotein consisting of 301 amino acids, and its terminal Arg-Gly-Asp sequence can bind integrins, which play important roles in cell adhesion, angiogenesis, regulation of extracellular matrix, immune cell migration and infiltrated (24–26). Therefore, some studies have revealed that IBSP promotes bone metastasis of tumor cells in BRCA (9), PRAD (27), and non-small cell lung cancer (21). Recently, with the development of bioinformatics, some studies demonstrated that the expression of IBSP is upregulated in epithelial tumors such as laryngeal cancer (28) and BLCA (29), which is highly correlated with a poor prognosis. For malignant tumors of non-epithelial origin, such as GBM, IBSP can also promote tumor cell proliferation and migration (30). Therefore, IBSP is considered to be an oncogene and closely related to the bone metastasis.

Cancer has become a major threat to human health because of its indistinct symptoms, rapid development, and lack of effective treatment. Therefore, finding biomarkers of tumor progression can be beneficial to early diagnosis and early treatment of cancer patients, which is the main method to improve the efficiency of cancer treatment (31). In this study, based on TCGA data, we found that IBSP was upregulated in various malignant tumor tissues (BRCA, BLCA, CHOL, CESC, ESCA, COAD, KICH, GBM, HNSC, KIRP, KIRC, LUAD, LIHC, LUSC, READ, STAD, UCEC, THCA), and it was found to be significantly associated with poor prognosis of the patients with these malignant tumors. Meanwhile, based on the GTEx dataset, we further confirmed that IBSP was also overexpressed in ACC, DLBC, LGG, OV, PAAD, PRAD, SKCM, THYM and UCS. Furthermore, by analyzing the OS dataset, combined with the results of some assays in vitro, we determined that IBSP was overexpressed in OS and associated with a poor prognosis in OS patients.

The extracellular matrix (ECM) is a complex structure made up of numerous proteins and glycans, which was previously considered to act as a barrier for cells, providing mechanical pressure to maintain the normal tissue morphology of cells (32). However, some recent studies have revealed that changes in ECM compositional abundance and structural strength are inseparable to tumor occurrence, development, metastasis and chemotherapy resistance (33). In this study, our data revealed that the interaction genes of IBSP have the function of regulating extracellular matrix, which is consistent with previous studies (10, 27). Moreover, the functional enrichment analysis demonstrated that IBSP and its interaction genes in OS were closely related to biomineral tissue development (GO-BP), extracellular matrix (GO-CC), calcium ion binding (GO-MF), and cell adhesion. Therefore, we speculate that the protein encoded by IBSP binds integrin through its RGD sequence, then recruits calcium ions to reduce the adhesion of OS cells, thereby promoting tumor cell metastasis. In order to verify our conjecture, some cell assays in vitro were performed, and the results confirmed that IBSP knockdown would inhibit the migration and invasion of OS cells, and the expression levels of tumor metastasis markers MMP2 and MMP9 were significantly weakened.

The tumor microenvironment contains a variety of immune cells and stromal components, and the occurrence, development, and metastasis of tumors are closely related to changes in the tumor microenvironment (34, 35). Our experiments confirmed that in a variety of tumors, the expression of IBSP was positively correlated with the infiltration of T cells, neutrophils, macrophages and dendritic cells (DC), especially the infiltration of macrophages. Increasing number of evidences showed that tumor-associated macrophages (TAM) are important regulators of tumorigenesis and metastasis, and their high infiltration rate is associated with chemotherapy resistance and poor prognosis (36). Similarly, different levels of immune cell infiltration in OS, including T cells, macrophages, and myeloid-derived suppressor cells, were also present in various risk subgroups, and ESTIMATEscores were lower in the high-risk subgroup than in the low-risk subgroup in both datasets. These differences may all be significant influencing factors resulting in various clinical outcomes in osteosarcoma patients. Immunotherapy is a viable new treatment option to take the place of traditional Chemoradiotherapy because it has demonstrated sufficient efficacy in the management of a range of cancers. Thus, we analyzed the expression of IBSP and ICP genes, and the results showed that IBSP was positively correlated with ICP genes such as VGEFA, HAVCR2, IL10, CD276, and TGFB1 in pan-cancer. In terms of OS, our study demonstrated that patients in the high-risk group not only had shorter survival durations than those in the low-risk group, but also had lower TIDE ratings. Hence, immunotherapy may enable the high-risk group to experience higher therapeutic benefit.

Finally, we contracted a risk score model consisting of three genes (CPE, CGREF1, SOST) that were significantly positively correlated with IBSP expression. Previous studies have confirmed that the three genes CPE, CGREF1, and SOST are closely related to the proliferation, metastasis, and drug resistance of OS (33–35), which imply that IBSP may play a role in the proliferation and migration of OS. Combined with external datasets, the reliability of the risk scoring model was confirmed. After incorporating clinically relevant features, we further established a clinical prediction model, which exhibited high accuracy in survival prediction, which will be helpful for the evaluation and management of OS patients.

However, our study also has some shortcomings. First, we didn’t conduct further studies on the mechanism of IBSP in promoting OS progression; In addition, and we didn’t conduct animal experiments to verify its function in vivo; Finally, we didn’t generate IBSP overexpressed OS cells to further verify its role in OS.

In conclusion, we conducted a more comprehensive pan-cancer analysis of IBSP using multi-omics data, and found that IBSP is abnormally expressed in various tumors and highly related to a poor prognosis. We also studied IBSP’s function from the aspects of methylation modification, gene change, immune infiltration, and functional enrichment, which clarified the role of IBSP in tumor development and metastasis. Through bioinformatics methods and experiments in vitro, we revealed that IBSP could promote the proliferation and migration of OS cells. Taken together, our study demonstrates that IBSP is a potential prognostic biomarker and immunotherapy target in various tumors including OS.





Data availability statement

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





Ethics statement

The study was approved by the ethics committee of the Third Xiangya Hospital, Central South University (Approval No.202023). All animal experiments were in compliance with the Experimental Animal Ethics Committee’s guidelines and were approved by the Animal Experimental Committee of the Third Xiangya hospital (Grant number: 2021sydw0221).





Author contributions

BP, JC, WT and YD designed the research; BP, JC, XW collected and analyzed the data; JC, RL and YZ performed the research; BP, JH and QF analyzed the data; BP, JC and YZ wrote the paper; BP, XC and JC organized the original source data. All authors contributed to the article and approved the submitted version.





Funding

This work was supported by the Science and Technology Program of Hunan Province (2021RC4057); Postgraduate Scientific Research Innovation Project of Hunan Province (150110027).




Acknowledgments

We would like to thank our researchers for their hard work and reviewers for their valuable advice.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1188256/full#supplementary-material

Figure S1 | The diagnostic sensitivity of IBSP in the TCGA pan-cancer.

Figure S2 | The survival analysis of the high and low IBSP expression groups in TCGA dataset, including overall survival (A), disease-free interval (B), disease-specific survival (C) and progression-free interval (D).

Figure S3 | Effect of IBSP gene mutation on overall survival of various tumors.

Figure S4 | The relationship between IBSP and the three gene (CPE, CGREF1 and SOST) in the TARGET-OS (A) and GSE21257 (B).

Figure S5 | The risk factors for reduced survival in the TARGET-OS dataset (A), which including gender (B), age (C) and metastasis (D).

Figure S6 | The differences of immune infiltration between the high and low risk groups in the TARGET-OS (A) and GSE21257 (B) datasets.

Figure S7 | The expression of IBSP in various cancer tissues and their cell lines (A-F). The protein level of IBSP was detected in the tumor tissues (T) and adjacent normal tissues (N). (G-L) The mRNA of IBSP was detected in different cancer cell lines and their corresponding normal cell lines. (M-R) The protein level of IBSP was detected in different cancer cell lines and their corresponding normal cell lines.




References

1. Cole, S, Gianferante, DM, Zhu, B, and Mirabello, L. Osteosarcoma: a surveillance, epidemiology, and end results program-based analysis from 1975 to 2017. Cancer (2022) 128(11):2107–18. doi: 10.1002/cncr.34163

2. Cundy, T. Paget’s disease of bone. Metabolism: Clin Experimental (2018) 80:5–14. doi: 10.1016/j.metabol.2017.06.010

3. Wang, Z, Liang, J, Jiang, S, Zhao, G, Lu, J, and Jiang, B. The effect of miR-138 on the function of follicular helper T cells and the differentiation of b cells in osteosarcoma. Comput Math Methods Med (2021) 2021:2057782. doi: 10.1155/2021/2057782

4. Sampo, M, Koivikko, M, Taskinen, M, Kallio, P, Kivioja, A, Tarkkanen, M, et al. Incidence, epidemiology and treatment results of osteosarcoma in Finland - a nationwide population-based study. Acta Oncol (Stockholm Sweden) (2011) 50(8):1206–14. doi: 10.3109/0284186X.2011.615339

5. Gill, J, and Gorlick, R. Advancing therapy for osteosarcoma. Nat Rev Clin Oncol (2021) 18(10):609–24. doi: 10.1038/s41571-021-00519-8

6. Kerr, JM, Fisher, LW, Termine, JD, Wang, MG, McBride, OW, and Young, MF. The human bone sialoprotein gene (IBSP): genomic localization and characterization. Genomics (1993) 17(2):408–15. doi: 10.1006/geno.1993.1340

7. Ogata, Y. Bone sialoprotein and its transcriptional regulatory mechanism. J periodontal Res (2008) 43(2):127–35. doi: 10.1111/j.1600-0765.2007.01014.x

8. Bellahcène, A, Castronovo, V, Ogbureke, KU, Fisher, LW, and Fedarko, NS. Small integrin-binding ligand n-linked glycoproteins (SIBLINGs): multifunctional proteins in cancer. Nat Rev Cancer (2008) 8(3):212–26. doi: 10.1038/nrc2345

9. Wu, K, Feng, J, Lyu, F, Xing, F, Sharma, S, Liu, Y, et al. Exosomal miR-19a and IBSP cooperate to induce osteolytic bone metastasis of estrogen receptor-positive breast cancer. Nat Commun (2021) 12(1):5196. doi: 10.1038/s41467-021-25473-y

10. Chen, Y, Qin, Y, Dai, M, Liu, L, Ni, Y, Sun, Q, et al. IBSP, a potential recurrence biomarker, promotes the progression of colorectal cancer via fyn/β-catenin signaling pathway. Cancer Med (2021) 10(12):4030–45. doi: 10.1002/cam4.3959

11. Wang, M, Liu, B, Li, D, Wu, Y, Wu, X, Jiao, S, et al. Upregulation of IBSP expression predicts poor prognosis in patients with esophageal squamous cell carcinoma. Front Oncol (2019) 9:1117. doi: 10.3389/fonc.2019.01117

12. Meng, X, Yuan, H, Li, W, Xiao, W, and Zhang, X. Biomarker screening and prognostic significance analysis for renal cell carcinoma. Int J Gen Med (2021) 14:5255–67. doi: 10.2147/IJGM.S325347

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

14. Hänzelmann, S, Castelo, R, and Guinney, J. GSVA: gene set variation analysis for microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

15. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: an r package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Briefings Bioinf (2021) 22(6):bbab260. doi: 10.1093/bib/bbab260

16. Cheng, J, Zhang, Y, Wan, R, Zhou, J, Wu, X, Fan, Q, et al. CEMIP promotes osteosarcoma progression and metastasis through activating notch signaling pathway. Front Oncol (2022) 12:919108. doi: 10.3389/fonc.2022.919108

17. Lu, C, Liu, Y, Ali, NM, Zhang, B, and Cui, X. The role of innate immune cells in the tumor microenvironment and research progress in anti-tumor therapy. Front Immunol (2022) 13:1039260. doi: 10.3389/fimmu.2022.1039260

18. Liu, Z, Zou, H, Dang, Q, Xu, H, Liu, L, Zhang, Y, et al. Biological and pharmacological roles of m(6)A modifications in cancer drug resistance. Mol Cancer (2022) 21(1):220. doi: 10.1186/s12943-022-01680-z

19. Kayed, H, Kleeff, J, Keleg, S, Felix, K, Giese, T, Berger, MR, et al. Effects of bone sialoprotein on pancreatic cancer cell growth, invasion and metastasis. Cancer Lett (2007) 245(1-2):171–83. doi: 10.1016/j.canlet.2006.01.002

20. Tu, Q, Zhang, J, Fix, A, Brewer, E, Li, YP, Zhang, ZY, et al. Targeted overexpression of BSP in osteoclasts promotes bone metastasis of breast cancer cells. J Cell Physiol (2009) 218(1):135–45. doi: 10.1002/jcp.21576

21. Zhang, L, Hou, X, Lu, S, Rao, H, Hou, J, Luo, R, et al. Predictive significance of bone sialoprotein and osteopontin for bone metastases in resected Chinese non-small-cell lung cancer patients: a large cohort retrospective study. Lung Cancer (2010) 67(1):114–9. doi: 10.1016/j.lungcan.2009.03.017

22. Ogbureke, KU, Nikitakis, NG, Warburton, G, Ord, RA, Sauk, JJ, Waller, JL, et al. Up-regulation of SIBLING proteins and correlation with cognate MMP expression in oral cancer. Oral Oncol (2007) 43(9):920–32. doi: 10.1016/j.oraloncology.2006.11.011

23. Zhang, JH, Tang, J, Wang, J, Ma, W, Zheng, W, Yoneda, T, et al. Over-expression of bone sialoprotein enhances bone metastasis of human breast cancer cells in a mouse model. Int J Oncol (2003) 23(4):1043–8. doi: 10.3892/ijo.23.4.1043

24. Bouleftour, W, Juignet, L, Bouet, G, Granito, RN, Vanden-Bossche, A, Laroche, N, et al. The role of the SIBLING, bone sialoprotein in skeletal biology - contribution of mouse experimental genetics. Matrix Biol (2016) 52-54:60–77. doi: 10.1016/j.matbio.2015.12.011

25. Ludwig, BS, Kessler, H, Kossatz, S, and Reuning, U. RGD-binding integrins revisited: how recently discovered functions and novel synthetic ligands (Re-)Shape an ever-evolving field. Cancers (2021) 13(7):1711. doi: 10.3390/cancers13071711

26. Pang, X, He, X, Qiu, Z, Zhang, H, Xie, R, Liu, Z, et al. Targeting integrin pathways: mechanisms and advances in therapy. Signal transduction targeted Ther (2023) 8(1):1. doi: 10.1038/s41392-022-01259-6

27. Gordon, JA, Sodek, J, Hunter, GK, and Goldberg, HA. Bone sialoprotein stimulates focal adhesion-related signaling pathways: role in migration and survival of breast and prostate cancer cells. J Cell Biochem (2009) 107(6):1118–28. doi: 10.1002/jcb.22211

28. Zhang, H, Zhao, X, Wang, J, and Ji, W. Development and validation of an immune-related signature for the prediction of recurrence risk of patients with laryngeal cancer. Front Oncol (2021) 11:683915. doi: 10.3389/fonc.2021.683915

29. Jiang, Y, Zeng, Z, Xiong, S, Jiang, M, Huang, G, Zhang, C, et al. New prognostic gene signature and immune escape mechanisms of bladder cancer. Front Cell Dev Biol (2022) 10:775417. doi: 10.3389/fcell.2022.775417

30. Ghochani, Y, Muthukrishnan, SD, Sohrabi, A, Kawaguchi, R, Condro, MC, Bastola, S, et al. A molecular interactome of the glioblastoma perivascular niche reveals integrin binding sialoprotein as a mediator of tumor cell migration. Cell Rep (2022) 41(3):111511. doi: 10.1016/j.celrep.2022.111511

31. Soerjomataram, I, and Bray, F. Planning for tomorrow: global cancer incidence and the role of prevention 2020-2070. Nat Rev Clin Oncol (2021) 18(10):663–72. doi: 10.1038/s41571-021-00514-z

32. Rais, A, Husain, A, Hasan, GM, and Hassan, MI. A review on regulation of cell cycle by extracellular matrix. Int J Biol macromol (2023) 232:123426. doi: 10.1016/j.ijbiomac.2023.123426

33. Jiang, Y, Zhang, H, Wang, J, Liu, Y, Luo, T, and Hua, H. Targeting extracellular matrix stiffness and mechanotransducers to improve cancer therapy. J Hematol Oncol (2022) 15(1):34. doi: 10.1186/s13045-022-01252-0

34. Bejarano, L, Jordāo, MJC, and Joyce, JA. Therapeutic targeting of the tumor microenvironment. Cancer discovery (2021) 11(4):933–59. doi: 10.1158/2159-8290.CD-20-1808

35. Binnewies, M, Roberts, EW, Kersten, K, Chan, V, Fearon, DF, Merad, M, et al. Understanding the tumor immune microenvironment (TIME) for effective therapy. Nat Med (2018) 24(5):541–50. doi: 10.1038/s41591-018-0014-x

36. Liu, M, Liu, L, Song, Y, Li, W, and Xu, L. Targeting macrophages: a novel treatment strategy in solid tumors. J Trans Med (2022) 20(1):586. doi: 10.1186/s12967-022-03813-w




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


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




ORIGINAL RESEARCH

published: 29 June 2023

doi: 10.3389/fimmu.2023.1169144

[image: image2]


CD26lowPD-1+ CD8 T cells are terminally exhausted and associated with leukemia progression in acute myeloid leukemia


Huarong Zhou 1,2†, Bei Jia 1†, Charyguly Annageldiyev 1, Kentaro Minagawa 1, Chenchen Zhao 1, Shin Mineishi 1, W Christopher Ehmann 1, Seema G. Naik 1, Joseph Cioccio 1, Baldeep Wirk 1, Natthapol Songdej 1, Kevin L. Rakszawski 1, Myles S. Nickolich 1, Jianzhen Shen 2 and Hong Zheng 1,3*


1 Penn State Cancer Institute, Penn State University College of Medicine, Hershey, PA, United States, 2 Fujian Institute of Hematology, Fujian Provincial Key Laboratory of Hematology, Fujian Medical University Union Hospital, Fujian Medical Center of Hematology, Fuzhou, China, 3 Department of Microbiology and Immunology, Penn State University College of Medicine, Hershey, PA, United States




Edited by: 

Eyad Elkord, University of Salford, United Kingdom

Reviewed by: 

Reshmi Parameswaran, Case Western Reserve University, United States

Said Dermime, National Center for Cancer Care and Research, Qatar

*Correspondence: 

Hong Zheng
 hzheng@pennstatehealth.psu.edu












†These authors have contributed equally to this work



Received: 18 February 2023

Accepted: 15 June 2023

Published: 29 June 2023

Citation:
Zhou H, Jia B, Annageldiyev C, Minagawa K, Zhao C, Mineishi S, Ehmann WC, Naik SG, Cioccio J, Wirk B, Songdej N, Rakszawski KL, Nickolich MS, Shen J and Zheng H (2023) CD26lowPD-1+ CD8 T cells are terminally exhausted and associated with leukemia progression in acute myeloid leukemia. Front. Immunol. 14:1169144. doi: 10.3389/fimmu.2023.1169144



Acute myeloid leukemia (AML) is a devastating blood cancer with poor prognosis. Novel effective treatment is an urgent unmet need. Immunotherapy targeting T cell exhaustion by blocking inhibitory pathways, such as PD-1, is promising in cancer treatment. However, results from clinical studies applying PD-1 blockade to AML patients are largely disappointing. AML is highly heterogeneous. Identification of additional immune regulatory pathways and defining predictive biomarkers for treatment response are crucial to optimize the strategy. CD26 is a marker of T cell activation and involved in multiple immune processes. Here, we performed comprehensive phenotypic and functional analyses on the blood samples collected from AML patients and discovered that CD26lowPD-1+ CD8 T cells were associated with AML progression. Specifically, the percentage of this cell fraction was significantly higher in patients with newly diagnosed AML compared to that in patients achieved completed remission or healthy controls. Our subsequent studies on CD26lowPD-1+ CD8 T cells from AML patients at initial diagnosis demonstrated that this cell population highly expressed inhibitory receptors and displayed impaired cytokine production, indicating an exhaustion status. Importantly, CD26lowPD-1+ CD8 T cells carried features of terminal exhaustion, manifested by higher frequency of TEMRA differentiation, increased expression of transcription factors that are observed in terminally exhausted T cells, and high level of intracellular expression of granzyme B and perforin. Our findings suggest a prognostic and predictive value of CD26 in AML, providing pivotal information to optimize the immunotherapy for this devastating cancer.
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Introduction

Acute myeloid leukemia (AML) is a devastating blood cancer with poor prognosis. Although treatment of AML has been significantly advanced recently with several novel targeting agents approved by FDA, five-year overall survival remains low at only 30.5% (1). Novel effective treatment is clearly an unmet need.

Multiple studies including ours have demonstrated the involvement of T cell exhaustion in AML pathogenesis (2–9). A recent study showed that T cell exhaustion may be a predominant process in AML at diagnosis and AML shaped CD8 T cell response in vitro (10). Up-regulation of PD-1 and other immune inhibitory pathways, the hallmark for T cell exhaustion, was found to be associated with AML progression (5). Importantly, PD-1 blockade enhanced T cell activity and reduced leukemia burden in mouse models of AML (6, 9). These observations suggest an important role of T cell exhaustion in AML. However, clinical studies applying PD-1 blockade to AML patients showed limited benefit (11–13). AML is highly heterogeneous. Identification of additional immune regulatory pathways and defining predictive biomarkers for treatment response are crucial to optimize treatment targeting T cell exhaustion and develop effective immunotherapy for AML.

CD26, also known as dipeptidyl peptidase 4 (DPP4), is a homodimeric type II transmembrane glycoprotein expressed on many cell types, including epithelial cells and immune components such as T cells, B cells, NK, and macrophages (14–18). CD26 is multifunctional and is involved in glucose homeostasis (19), stem cell homing (20), regulation of inflammatory diseases and multiple immune processes (21). CD26 is a marker for T cell activation. It acts as a costimulatory molecule enhancing interactions between antigen-presenting cells and T cells, subsequently initiating the signal transduction process and promoting T cell activation. Up-regulation of CD26 has been observed on both CD4 and CD8 T cells that are highly function in antiviral and anti-tumor response (22). However, the impact of T cell expression of CD26 on AML has not been studied. To fill this gap, we examined T cells of peripheral blood collected from a cohort of newly diagnosed AML patients (n=28). Subpopulations of T cells expressing different level of CD26 were further dissected for their phenotypic and functional status, as well as correlations with clinical outcome.





Materials and methods




Patient

Peripheral blood and bone marrow samples were collected from AML patients diagnosed per WHO criteria. All the patients were diagnosed at the Penn State Hershey Cancer Institute of Penn State University College of Medicine (Hershey, PA, USA). The study was approved by the Institutional Review Board of Penn State College of Medicine. Fully informed consent was obtained from all patients.





Isolation of PBMCs

Peripheral blood and bone marrow samples were collected from patients with newly diagnosed AML (n=28), AML patients in complete remission (n=15), and healthy donors (n=18). Peripheral blood mononuclear cells (PBMCs) and bone marrow mononuclear cells were isolated by density gradient centrifugation using Ficoll-Paque (Amersham Pharmacia Biotech, Stockholm, Sweden). Cells were preserved in fetal bovine serum containing 10% dimethyl sulfoxide (Gibco, Grand Island, NY, USA) and stored in liquid nitrogen.





Immunofluorescence staining and flow cytometry analysis

For surface staining, frozen PBMCs were thawed at 37°C and washed 2 times with phosphate-buffered saline containing 1% fetal bovine serum. Cells were incubated with Human BD Fc Block™ (10 minutes at room temperature) followed by staining with directly conjugated mAbs for 30 minutes at 4°C. Cells were then washed and resuspended in staining buffer before flow cytometry analysis. The monoclonal antibodies used were anti-human CD3-BV605, CD4-BV711, CD8-APC-H7, CD45RA-AF700, CD26-PE-CF594 or CD26-BV421, Ki67-AF488, Granzyme B-AF700, T-bet-PE, TCF-7/TCF-1-AF647, CD95-BV421, Annexin V-PE, hCD45-BV605 (BD Biosciences, San Diego, CA, USA), CCR7-BV421, PD-1-BV785, CD226-FITC, TIM-3-PE-Cy7, Perforin-APC (Biologend, San Diego, CA, USA), TIGIT-APC, Eomes-PE-eF610, TOX-PE, AITR/GITR-PE (invitrogen, Carlsbad, CA, USA) antibodies and corresponding isotype controls. Data were acquired using an LSR Fortessa flow cytometer (BD Biosciences) and analyzed with FlowJo software (Tree Star, Ashland, OR, USA).





In vitro stimulation and intracellular cytokine staining

PBMCs were cultured in RPMI-1640 medium (Gibco) containing 10% fetal bovine serum and stimulated with anti-CD3/CD28 (2 and 2.5 μg/mL) at the presence of Plus Golgiplug (BD Pharmingen, San Diego, CA, USA) for 5 hours. Cell viability was assessed using the Fixable viability dye eFluorTM 506 (invitrogen, Carlsbad, CA, USA). Cells were then surface stained with CD4-FITC, CD8-APC-H7, PD-1-BV785, and CD26-PE-CF594. After fixation and permeabilization, intracellular staining was performed with IL-2-PE-Cy7, TNF-α-BV421, IFN-γ-APC (BD Biosciences) antibodies.





Statistical analysis

All summary statistics (average values, s.d., s.e.m., significant differences between groups) were calculated using GraphPad Prism 9 (GraphPad Software Inc., San Diego, CA) or SPSS Statistics 26 as appropriate. For data distributed normally, the comparison of variables was performed using unpaired or paired Student t test. For data not distributed normally, the comparison of variables was performed with a Mann–Whitney U test or a Wilcoxon signedrank test for unpaired and paired data, respectively. Comparisons of categorical patient characteristics were analyzed using Fisher exact test. The ROC curve was used to predict the reasonable grouping cutoff of low CD26lowPD-1+ and high CD26lowPD-1+ in newly diagnosed AML patients and healthy controls. The overall survival was analyzed by the log-rank (Mantel–Cox) test. For all analyses, a P value of < 0.05 was considered statistically significant.






Results




The proportion of CD26lowPD-1+ CD8 T cells is significantly higher in blood of patients with untreated AML

Given its costimulatory function in T cell activation, we initially hypothesized that down-regulation of CD26 on T cells correlates with T cell hypofunction and subsequently AML progression. We performed flow cytometry analyses on PBMCs collected from AML patients at newly diagnosis (n=28) vs. that of healthy controls (n=18). The clinical characteristics of the AML patients are summarized in Table 1. Consistent with the heterogeneity of AML, there was wide variability in white blood cell (WBC) counts and blast percentages in the peripheral blood. The majority of patients carried intermediate or adverse cytogenetic features. Surprisingly, no significant differences in T cell expression of CD26 were observed (Supplemental Figure 1). However, when PD-1 was added to the analyses, in which PD-1+ T cells were divided into 3 subsets based on the expression of CD26 (Figure 1A), we made striking observation that the frequency of PD-1+ CD8 T cells expressing low level of CD26 (CD26lowPD-1+) were significantly higher in newly diagnosed AML patients compared to that in healthy controls (31.45 ± 2.129% vs. 21.83 ± 2.541%, P=0.0062; Figures 1B, C). We further examined PBMCs from AML patients who have achieved complete remission (CR) after chemotherapy (n=15), and found that similar to healthy controls, CD26lowPD-1+ CD8 T cells in these patients are significantly lower than that in newly diagnosed AML. In contrast, the frequency of CD8 T cells expressing intermediate level of CD26 (CD26intPD-1+) were lower in newly diagnosed AML compared to AML in CR or healthy controls (Figures 1B, C). Same analyses were performed on CD4 T cells and no significant differences were observed (Supplemental Figures 1, 2). These data suggest that CD26lowPD-1+ CD8 T cells correlate with AML progression.


Table 1 | Clinical feature of the AML patients.






Figure 1 | CD26lowPD-1+ CD8 T cells are significantly increased in AML patients at newly diagnosis. PBMCs collected from healthy donors, AML patients at newly diagnosis and in complete remission were assessed for CD26 and PD-1 expression on CD8 T cells by flow cytometry. (A) Based on the levels of CD26 and PD-1 expression, CD8 T cells are divided into three fractions. Shown is the schema of each fraction. (B) Representative flow data from healthy donors (HD), AML patient at newly diagnosis (Dx) and in complete remission (CR) displaying the percentage of CD26lowPD-1+(fraction I), CD26intPD-1+ (fraction II), CD26highPD-1+ (fraction III) among CD8 T cells. (C) The frequencies of each fraction among CD8 cells in HD(n=18), AML patients at initial diagnosis (Dx, n=28) and AML patients in complete remission (CR, n=15). Each spot represents data of an individual patient or healthy donor. P values were obtained by unpaired Student t-test or Mann-Whitney test. **P<0.01, ***P<0.001.







Terminally differentiated effector cells are significantly increased in CD26lowPD-1+ CD8 T cells

We then focused our study on characteristic analyses of CD26lowPD-1+ CD8 T cells. PBMCs from patients with newly diagnosed AML were examined. We first assessed the differentiation status of this cell population. Based on the expression of CD45RA and CCR7, T cells can be divided into four differentiation subsets (Figure 2A): naïve T cells (TN, CCR7+CD45RA+), central memory T cells (TCM, CCR7+CD45RA−), effector Memory T cells (TEM, CCR7−CD45RA−) and terminally differentiated effector cells (TEMRA, CCR7−CD45RA+). We performed multichannel flow cytometry analyses to dissect the distribution of all four differentiated subsets in CD26lowPD-1+ CD8 T cells as well as the other two PD-1+ CD8 T cell populations based on CD26 expression (CD26intPD-1+ and CD26highPD-1+). Consistent with the previous report that most CD26int T cells are naïve, we found a high frequency of naïve cells in CD26intPD-1+ CD8 T cells from our AML patients. In contrast, both CD26lowPD-1+ and CD26highPD-1+ CD8 T cells are antigen experienced. Importantly, we observed a significantly higher frequency of TEMRA cells in CD26lowPD-1+ than CD26highPD-1+ CD8 T cells (48.74% vs. 22.28%, P<0.0001; Figures 2B, C). TEMRA is considered to be a terminal effector cells with limited function. This data suggests an association of CD26lowPD-1+ CD8 T cells with T cell dysfunction and AML pathogenesis.




Figure 2 | Terminally differentiated effector cells are significantly increased in CD26lowPD-1+ CD8 T cells. Flow cytometry analysis of surface expression of PD-1, CD26, CD45RA, CCR7 was performed on PBMCs collected from AML patients at initial diagnosis. (A) The gating strategy of Naïve (TN), central memory (TCM), effector memory (TEM) and terminal differentiated cells (TEMRA) in CD8 T cells was shown on the left. The representative flow images on the right show the distribution of the above subsets in CD26lowPD-1+ (fraction I), CD26intPD-1+ (fraction II) and CD26highPD-1+ (fraction III) in CD8 T (B) The pie chart depicts the distribution of TN, TCM, TEM and TEMRA in CD26lowPD-1+ (fraction I), CD26intPD-1+ (fraction II) and CD26highPD-1+ (fraction III) CD8 T cells. (C) Summary data for the distribution of naïve vs. memory in the three fractions of CD8 T cells. P values were obtained by paired Student t-test or Wilcoxon signed rank test. *P<0.05, **P<0.01, ****P<0.0001.







Expression of inhibitory receptors is increased on CD26lowPD-1+ CD8 T cells

We next examined the impact of CD26 expression on the inhibitory and stimulatory pathways in PD-1+ CD8 T cells. To rule out potential confounding effect of Naïve T cells, we excluded Naïve-dominant CD26intPD-1+ CD8 T cells and focused our subsequent analyses on antigen experienced cells including CD26lowPD-1+ and CD26highPD-1+ CD8 T cells. When surface expression of a number of inhibitory receptors on these two cell populations was compared, we observed significantly higher expression of TIGIT and TIM-3 on CD26lowPD-1+ CD8 T cells, compared with that of CD26highPD-1+ CD8 T cells (TIGIT: 46.09% vs. 5.71%, P<0.0001; TIM-3: 2.28% vs. 0.34%, P=0.0001; Figures 3A, B). In contrast, expression of the stimulatory receptor CD226 (counterpart of TIGIT) was significantly lower on CD26lowPD-1+ CD8 T cells (34.4% vs. 65.3%, P<0.0001, Figure 3C). Up-regulation of inhibitory receptors is a hallmark of T cell exhaustion. Our finding indicates that CD26lowPD-1+ CD8 T cells are likely in a more advanced exhaustive status, compared with CD26highPD-1+ CD8 T cells.




Figure 3 | The expression of inhibitory receptors in CD26lowPD-1+ CD8 T cells in newly diagnosed AML patients was increased. PBMCs from AML patients at initial diagnosis were examined by flow cytometry(n=28). The expression of TIGIT [shown in (A)], TIM-3 [shown in (B)] and CD226 [shown in (C)] on CD8 T cell subpopulations [CD26lowPD-1+(fraction I) and CD26highPD-1+ (fraction III)] was assessed. (A–C) Shown are the representative flow data (left) and summary plots (right). P values were obtained by paired Student t-test or Wilcoxon signed rank test. ***P<0.001, ****P<0.0001.







CD26lowPD-1+ CD8 T cells express higher level of exhaustion related transcription factors

We further assessed the expression pattern of transcription factors in CD26lowPD-1+ CD8 T cells. Studies in models of chronic viral infection have demonstrated that several transcription factors including Eomes, T-bet, TOX, and TCF1 are important in regulating T cell exhaustion. We compared the intracellular expression of these transcription factors in CD26lowPD-1+ CD8 T cells to that in CD26highPD-1+ CD8 T cells. As shown in Figure 4A, we observed a higher percentage of TOX expression in CD26lowPD-1+ CD8 T cells (79.77% vs. 64.55%, P<0.0001). In contrast, expression of TCF1 in CD26lowPD-1+ CD8 T cells was significantly lower (16.73% vs. 24.06%, P=0.0023, Figure 4B). When expression of Eomes and T-bet was assessed, we focused our analyses on the Eomes+T-betlow subset as our previous work showed that this subset was associated with poor clinical outcome in AML patients (4). As shown in Figure 4C, we observed a higher percentage of Eomes+T-betlow cells in CD26lowPD-1+ CD8 T cells, compared to that in CD26highPD-1+ CD8 T cells (23.64% vs. 18.18%, P=0.0233). Collectively, we found that CD26lowPD-1+ CD8 T cells from untreated AML patients express higher level of TOX and Eomes, whereas lower level of TCF1. This transcription pattern is more consistent with terminal exhaustion.




Figure 4 |     CD26lowPD-1+ CD8 T cells express higher level of exhaustion-related transcription factors. PBMCs collected from AML patients at initial diagnosis were assessed by flow cytometry (n=20). The expression of TOX [shown in (A)], TCF1 [shown in (B)] Eomes and T-bet [shown in (C)] on CD8 T cell subpopulations [CD26lowPD-1+ (fraction I) and CD26highPD-1+ (fraction III)] was analyzed by flow cytometry. Upon the expression of Eomes and T-bet, CD8 T cells were divided into subsets of Eomes+T-betlow(a), Eomes+T-bethigh (b) and Eomes-T-bethigh (c), (A–C) Flow cytometry representative data were shown on the left and summary plots were shown on the right. P values were obtained by paired Student t-test or Wilcoxon signed rank test. *P<0.05, **P<0.01, ****P<0.0001.







CD26lowPD-1+ CD8 T cells exhibit functional defects

To assess the functional status of CD26lowPD-1+ CD8 T cells, we performed an in vitro assay to examine intracellular cytokine productions by CD8 T cells upon anti-CD3 and anti-CD28 stimulation. PBMCs from untreated AML patients were used in this study. CD8 T cells were gated by CD26lowPD-1+ vs. CD26highPD1+ and intracellular production of IFN-γ, IL-2, and TNF-α by each cell subpopulation was assessed by flow cytometry analyses. As shown in Figures 5A–C, the CD26lowPD-1+ CD8 T cells had significantly lower production of IFN-γ, IL-2, and TNF-α compared with CD26highPD-1+ CD8 T cells (IFN-γ:13.51% vs. 21.17%, P=0.003; IL-2:2.69% vs. 18.63%, P<0.0001; TNF-α: 5.27% vs. 8.05%, P=0.0163). We also evaluated the intracellular expression of Granzyme B and perforin in each cell subpopulation as an indication of killing capacity. Interestingly, we found a significantly increased level of Granzyme B and perforin in CD26lowPD-1+ CD8 T cells compared to that in CD26highPD-1+ CD8 T cells (Figures 5D, E). The discrepancy between cytokine production and Granzyme B/perforin expression in the functional status of exhausted T cells has been observed in multiple studies (3, 24–27). It is suspected that terminally exhausted T cells may lose energy to secret Granzyme B/perforin, leading to the intracellular accumulation of these molecules (28, 29). Collectively, our data demonstrate that CD26lowPD-1+ CD8 T cells are functionally impaired demonstrated by reduced cytokine production, consistent with the status of exhaustion. In addition, they displayed higher intracellular expression of Granzyme B/perforin, suggesting a terminal exhausted status.




Figure 5 | CD26lowPD-1+ CD8 T cells produce less cytokines and display decreased cytotoxic capacity in AML patients at initial diagnosis. (A–C) PBMCs collected from AML patients at initial diagnosis were stimulated in vitro with anti-CD3 and anti-CD28 before intracellular staining of IL-2, IFN-γ and TNF-α (n=28). Flow cytometry representative data (left) and summary plots (right) show the expressions of IL-2 (A), IFN-γ (B) and TNF-α (C) in indicated CD8 subpopulations (CD26lowPD-1+ (fraction I) and CD26highPD-1+ (fraction III)). (D, E) The expression of Granzyme B and perforin in each CD8 subpopulation. Representative data (left) and summary graphs (right) are shown. P values were obtained by paired Student t-test or Wilcoxon signed rank test. *P<0.05, **P<0.01, ***P<0.001, ****<0.0001.








Discussion

In this study, we performed comprehensive phenotypic and functional analyses on the T cells of PBMCs collected from AML patients and healthy controls. We focused our study on the impact of CD26 expression on T cells and discovered that CD26lowPD-1+ CD8 T cells were associated with AML progression. Specifically, the percentage of this cell fraction was significantly higher in patients with newly diagnosed AML (high leukemia burden) compared to that in patients who achieved CR (no leukemia) or healthy controls. Our subsequent studies on CD26lowPD-1+ CD8 T cells from newly diagnosed AML patients demonstrated that this cell population carries features of T cell exhaustion, manifested by higher frequency of TEMRA differentiation, increased expression of inhibitory receptors and exhaustion-related transcription factors, and functional defects. To our knowledge, this is the first report to uncover the important role of CD26 expression on CD8 T cells in AML.

Increased expression of PD-1 is an essential marker for T cell exhaustion. Multiple studies including ours have demonstrated an up-regulation of PD-1 on T cells from AML patients who have disease relapse (2, 5, 8, 30–33). However, T cell expression of PD-1 was not increased in AML patients at initial diagnosis (32). It may be attributed to the heterogeneity of PD-1+ T cells at this particular disease status, thus PD-1 alone is inadequate to distinguish exhausted T cells from T cells of other functional status. In fact, elegant studies of mouse models of chronic viral infection have shown a higher frequency of PD-1+ CD8 T cells at activation phase short after viral infection as well as in the exhaustion status later in the chronic phase (34–36). It is possible that PD-1+ T cells in newly diagnosed AML patients are diverse in their functional status. In our current study, we further dissected PD-1+ CD8 T cells into three subpopulations based on their expression of CD26. We made novel findings that CD26lowPD-1+ CD8 T cells were phenotypically and functionally consistent with exhaustion status. Importantly, the frequency of CD26lowPD-1+ CD8 T cells was significantly higher in newly diagnosed AML patients compared to that in healthy controls or AML patients in CR. Therefore, two-dimensional analysis testing both CD26 and PD-1 on CD8 T cells provides an optimal strategy to identify exhaustion T cells in newly diagnosed AML. With a hypothesis that higher frequency of exhausted T cells leads to poor prognosis due to compromised anti-leukemia immune response, we performed analyses on the data of newly diagnosed AML patients to determine the impact of CD26lowPD-1+ CD8 T cells on clinical outcome. Twenty-one AML patients whose overall survival (OS) were evaluable (medium follow-up time:1744 days) were divided into two groups based on their CD8 T cells expression level of CD26lowPD-1+. We observed that patients with high percentage of CD26lowPD-1+ CD8 T cells displayed a trend of lower OS compared to that of low percentage subgroup (median: 372 vs. 1369 days; P=0.231; Supplemental Figure 3). No statistical significance was achieved likely due to limited sample size. Further studies in larger cohorts of patients are warranted to make a conclusion. If validated, CD26lowPD-1+ CD8 T cells could be a prognostic biomarker for newly diagnosed AML.

TOX has been considered as an essential transcription factor governing terminally exhausted T cells, whereas TCF1 is more functional in progenitor exhausted T cells (37–41). Our finding that CD26lowPD-1+ CD8 T cells expressed higher TOX and lower TCF1 suggests that these cells are more toward terminal exhaustion. Consistently, we observed that CD26lowPD-1+ CD8 T cells contain higher frequency of Eomes+T-betlow cells, a pattern that is observed in terminal exhaustion. Furthermore, whereas being functionally impaired, evident by less cytokine production capacity, CD26lowPD-1+ CD8 T cells express more granzyme B and perforin, another feature of terminal exhausted CD8 T cells. Taking together, our data support the notion that CD26lowPD-1+ CD8 T cells in newly diagnosed AML represent a terminally exhausted T cell population. This finding has significant clinical impact. Multiple studies in preclinical models have demonstrated that reversing T cell exhaustion by PD-1 inhibition effectively reduces leukemia burden (6, 9); however, results from clinical studies applying PD-1 blockade to AML patients are largely negative (11–13). An important strategy to improve treatments targeting T cell exhaustion is to define predictive biomarkers to identify patients who are likely to respond to the treatment. It becomes clear that terminally exhausted T cells have minimal response to PD-1 blockade, a main mechanism for resistance to checkpoint inhibitors (25, 35). Our novel finding that CD26lowPD-1+ CD8 T cells are terminally exhausted is compelling: high frequency of this cell population in newly diagnosed AML may lead to poor response to PD-1-targeting agents. Therefore, optimizing clinical trial design by selecting patients with low percentage of CD26lowPD-1+ CD8 T cells has a strong potential to improve efficacy of treatment with PD-1 blockade.

In contrast to CD26lowPD-1+ CD8 T cells, we observed that CD26highPD-1+ CD8 T cells are highly functional evident by predominant differentiation stage of TEM and potent cytokine release upon in vitro stimulation with anti-CD3/CD28. This is in line with the findings of Bailey et al. that CD26high CD4 T cells showed strong anti-tumor activity when transferred into mouse models of solid tumors (22). Given the fact that CD26 has a costimulatory function in activating T cells, sitagliptin, a CD26/DPP4 inhibitor, was applied to patients undergoing allogeneic stem cell transplantation as graft vs. host disease (GVHD) prophylaxis in a phase 2 clinical trial (42). Low incidence of grade II to IV acute GVHD was observed. A major concern is a decrease of graft vs. leukemia (GVL) effect due to CD26 inhibition. Encouragingly, one-year relapse rate was comparable with historical controls, indicating a preservation of GVL. However, longer follow-up and randomized studies are needed to draw a conclusion. It has been reported that CD26 is overexpressed on tumor cells and promotes metastasis of solid tumors (43–46). Several CD26 inhibitors have been tested for their direct cytotoxic effect against tumors in preclinical models (47–49). Although promising results were observed in some studies, most data were inconclusive or negative. It is possible that systemic treatment with CD26 inhibitors significantly suppresses T cell function and compromises the anti-tumor effect. Combining approaches of regaining T cell activity while inhibiting CD26 would be helpful to circumvent this obstacle. Further investigation of the mechanisms by which CD26 mediates T cell response is essential to identify such therapeutic targets.

Of note, we also examined the differentiation status (TN, TCM, TEM and TEMRA) in subsets of CD26lowPD-1+, CD26intPD-1+ and CD26highPD-1+ CD8 T cells in healthy donor (HD) and CR groups. We observed that the differentiation status of each subset among HD and CR samples was similar to that in newly diagnosed samples (Dx) (Supplemental Figures 4A, B; Figure 2). In addition, expression patterns of TIGIT and CD226 in each subset among HD and CR samples was also similar to that in Dx samples (Supplemental Figures 4C, D). These observations indicate that each subset (CD26lowPD-1+, CD26intPD-1+ or CD26highPD-1+ CD8 T cells) carries a unique feature that is not altered in different clinical settings (HD, Dx, or CR). Instead, the change in frequencies of the subsets reflects the disease specificity, thus we observed significantly increased frequency of CD26lowPD-1+ CD8 T cells in Dx samples, compared to that in HD and CR (Figure 1).

It is unclear how CD26lowPD1+ CD8 T cells are increased in AML progression. We examined the apoptosis of CD26lowPD-1+ vs. CD26highPD-1+ CD8 T cells by evaluating the expression of CD95 and Annexin V. We observed no significant differences between the two subsets (Supplemental Figures 5A, B. In addition, when proliferation was assessed by evaluating the expression of Ki-67, no significant difference was observed either (Supplemental Figure 5C). Therefore the increased frequency of CD26lowPD-1+ CD8 T cells in AML progression is unlikely due to increased apoptosis of CD26high T cells or altered proliferation in each subset. We further assessed the frequency of CD26lowPD-1+, CD26intPD-1+ and CD26highPD-1+ CD8 T cells in the bone marrow of newly diagnosed AML patients, and observed that the percentage of each subset was comparable to peripheral blood (n=5, Supplemental Figure 6). So the increase of CD26lowPD-1+ CD8 T cells is unlikely due to migration between blood and bone marrow. As the increase of CD26lowPD-1+ T cells is associated with a decrease in CD26intPD-1+ T cells (Figure 1C), we suspect that differentiation of naïve CD26intPD-1+ T cells upon AML stimulation may be contributing. Our observation is different from the findings of Bozorgmehr et al, in which apoptosis of CD26high T cells is increased in CLL (50). The discrepancy is liked due to different disease context. This highlights the heterogeneity of T cell responses and importance of disease context-specific studies.

In summary, we made novel observations that CD26lowPD-1+ CD8 T cells are increased in newly diagnosed AML patients, and their phenotypic and functional features are consistent with terminal exhaustion status. These findings suggest a prognostic and predictive value of CD26 in AML, providing pivotal information to optimize the immunotherapy for this devastating cancer.
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Background

Liver hepatocellular carcinoma (LIHC) is one of the malignant tumors with high incidence as well as high death, which is ranked as the sixth most common tumor and the third highest mortality worldwide. CD93, a transmembrane protein, has been widely reported to play an important role in different types of diseases, including many types of cancer by mainly functioning in extracellular matrix formation and vascular maturation. However, there are few researches focusing on the role and potential function of CD93 in LIHC.





Methods

In this study, we comprehensively analyzed the relationship between CD93 and LIHC. We not only discovered transcriptional expression of CD93 in LIHC by using the TIMER, GEPIA and UALCAN database, but also performed WB and IHC to verify the protein expression of CD93 in LIHC. Meantime, Kaplan-Meier Plotter Database Analysis were used to assess the prognosis of CD93 in LIHC. After knowing close correlation between CD93 expression and LIHC, there were STRING, GeneMania and GO and KEGG enrichment analyses to find how CD93 functions in LIHC. We further applied CIBERSORT Algorithm to explore the correlation between CD93 and immune cells and evaluate prognostic value of CD93 based on them in LIHC patients.





Results

The transcriptional and protein expression of CD93 were both obviously increased in LIHC by above methods. There was also a significant and close correlation between the expression of CD93 and the prognosis of LIHC patients by using Kaplan-Meier Analysis, which showed that LIHC patients with elevated expression of CD93 were associated with a predicted poor prognosis. We found that the functions of CD93 in different cancers are mainly related to Insulin like growth factor binding protein 7 Gene (IGFBP7)/CD93 pathway via STRING, GeneMania and functional enrichment analyses. Further, our data obtained from CIBERSORT Algorithm suggested CD93 was also associated with the immune response. There is a close positive correlation between CD93 expression and the infiltration levels of all six types of immune cells (B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells). Importantly, CD93 can affect the prognosis of patients with LIHC partially due to immune infiltration.





Conclusion

Our results demonstrated CD93 may be a candidate predictor of clinical prognosis and immunotherapy response in LIHC.





Keywords: CD93, liver hepatocellular carcinoma, biomarker, immunotherapy target, immune infiltration




1 Introduction

Liver hepatocellular carcinoma (LIHC), the major subtype of liver cancer, is ranked as the sixth most common tumor and the third highest mortality among all malignancies, whose causes mainly arise from chronic liver disease and chronic hepatitis B and C viral infection (1, 2). There are a variety of mature and effective diagnosis and treatments for LIHC, including surveillance with imaging technology and α-fetoprotein plasma levels every 6 months and hepatic resection, liver transplantation, and transarterial chemoembolization (3–6). But most patients are usually diagnosed as advanced liver cancer because of insidious onset, so that they can’t benefit from those treatments (7). In recent years, immunotherapy represented by immune checkpoint inhibitors has made huge and amazing breakthroughs to benefit more and more LIHC patients, particularly those with advanced cancer (8–10). However, there are still no clear and effective biomarkers to predict efficacy of immunotherapy for LIHC. Here, we found a potential gene, called CD93, to probably assume this important role.

CD93 is a transmembrane protein expressed in stem cells, monocytes, and endothelial cells, which consists of several domains, such as an extracellular domain with a C-type lectin domain (11–13). There are numerous studies that have found that CD93 plays a critical role in many diseases, including allergic asthma, diabetic wound healing, and many types of cancer (14–16). It’s worth noting that CD93 is involved in angiogenesis in human primary tumors. The interaction between CD93 and its specific ligand, Multimerin 2 (MMRN2), can contribute to endothelial cell adhesion and migration, thus promoting pathological angiogenesis (17–19). CD93 can also function in vascular maturation and extracellular matrix formation by boosting β1 integrin activation and fibronectin to promote angiogenesis (20). Furthermore, CD93 can play a critical role in innate immunity (21). Recent clinical studies have shown that high CD93 expression had a close relationship with the poor effects of immunotherapy (22, 23). In addition, the blockage of the IGFBP7/CD93 pathway brings an extensive increase of effector T cells, making tumors sensitive to immune checkpoint therapy (24, 25).

Although CD93 has been wildly reported to play a critical role in many types of cancer, there are few studies to reveal the value of CD93 in LIHC. The aim of this study was to explore the promising predictive value of CD93 for LIHC prognosis and immunotherapy.




2 Materials and methods



2.1 Tumor samples and collection

Human LIHC tissues and paired normal tissues were recruited in Shanghai General Hospital from January 2016 to January 2021. All patients with LIHC underwent surgery for the first time and had not previously received radiotherapy or chemotherapy. Written informed consent was obtained from each patient. This study was approved by the ethics committee of Shanghai General Hospital (2021KSQ341).




2.2 Western blotting

Protein extracted from tissues was using RIPA buffer (Beyotime, Shanghai, China) mixed with PMSF (Beyotime, Shanghai, China) for 30 min on ice, and then centrifuged at 12,000 rpm for 10 min at 4°C. Protein lysates were separated by using SDS-PAGE and transferred to PVDF membranes. After incubating with 5% Bovine serum albumin (BSA) for 1 h at room temperature (RT), the membranes were incubated with primary antibodies (anti-CD93 antibody, sc-365172, Santa Cruz, USA; anti- anti-β-actin antibody, Sangon Biotech, Shanghai, China) overnight at 4°C, washed with Tris Buffered Saline with Tween®20 (TBST) for 3 times, and further incubated with secondary antibodies (Sangon Biotech, Shanghai, China) for 1 h at RT, and developed using ECL solutions (Beyotime).




2.3 Immunohistochemistry staining and immunofluorescence staining

The samples were fixed in 10% paraformaldehyde for 24h and then embedded in paraffin wax. After deparaffinized and rehydrated, 5 µm thick slides were stained with hematoxylin & eosin (H&E) or primary antibodies (anti-CD93 antibody, sc-365172, Santa Cruz, USA), followed by incubation with horseradish peroxidase (HRP)-conjugated secondary antibody (Sangon, Shanghai, China). All the sections were observed using an AX-80 microscope (Olympus, Tokyo, Japan). The cells which were stained brown were considered positive (tumor tissue, n = 6; adjacent tissue, n = 6).

The samples were formalin-fixed and embedded in paraffin, then were deparaffinized, rehydrated, permeabilized, and rinsed. After those, we performed antigen repair in citrate buffer for 15 min and carried out the blocking in 5% BSA for 1 hour at room temperature. Then sections were stained with anti-CD93 (sc-365172, Santa Cruz, USA) anti-CD31/PECAM-1 (sc-18916, Santa Cruz, USA) and anti-IGFBP7 (171085, Abcam, USA) antibodies overnight at 4°C in a humidified box. Then, sections were incubated with secondary antibodies for 1 hour at RT and protected from light. After stain with DAPI, microscope images were taken of the sections.




2.4 Real-time PCR

Total RNA was extracted from human samples by using an Isolation Kit following the manufacturer’s instructions. Then we performed the reverse transcription by using the reverse transcription kit. After those, Real-time PCR was carried out with the SYBR qPCR Master Mix kit. The primer sequences used for gene analysis were as follows: CD93-Forward: 5’-GCCCCAGAATGCGGCAGACA-3’, CD93-Reverse: 5’-GCAGTCTGTCCCAGGTGTCGGA-3’; β-actin-Forward: 5’-AGGATTCCTATGTGGGCGAC-3’, β-actin-Reverse: 5’-ATAGCACAGCCTGGATAGCAA-3’.




2.5 Tumor immune estimation resource

TIMER (https://cistrome.shinyapps.io/timer/) is a comprehensive resource for performing systematical analysis of immune infiltrates across diverse cancer types (26). In this study, it was applied to evaluate the correlation between CD93 expression and the infiltration of immune cells and investigate the relationship between CD93 expression and different gene marker sets of immune cells.




2.6 Gene expression profiling interactive analysis

GEPIA (http://gepia.cancer-pku.cn/index.html) is a user-friendly web portal for gene expression analysis based on TCGA and GTEx data (27). In this study, it was used to explore the expression in HCC and clarify the relationships between CD93 and PD-1, PD-L1, CTLA-4, and VEGFA.




2.7 UALCAN

UALCAN (http://ualcan.path.uab.edu/) is a web-based tool for providing in-depth analyses of transcriptome data from The Cancer Genome Atlas (TCGA) and MET500 data (28). In this study, it is built to analyze the mRNA expression levels of CD93 in LIHC and the relationship between CD93 expression and patients’ gender, individual cancer stages, and pathological grades.




2.8 Kaplan-Meier plotter database analysis

KM Plotter (http://kmplot.com) is an online database that contains gene expression data and survival information. In this study, it is used to analyze the prognostic value of CD93 in LIHC, including overall survival (OS), progression-free survival (PFS) and disease-free survival (DSS) with hazard ratios (HRs) with 95% confidence intervals (95% CIs) and log-rank p-values.




2.9 GeneMANIA

GeneMANIA (http://www.genemania.org) is a flexible, user-friendly tool for generating hypotheses about gene function (29). In this study, it is applied to construct the gene-gene interaction network.




2.10 STRING

STRING (https://string-db.org/) is an online database for searching known protein interaction relationships. In this study, it is used to collect, score, and integrate all publicly available sources of protein-protein interaction (PPI) data, and to complement these with computational predictions of potential functions.




2.11 Gene ontology term and Kyoto encyclopedia of genes and genomes pathway enrichment analysis and gene set enrichment analysis

GO and KEGG analyses were applied to explore the biological functions of CD93 in LIHC. In this study, GO analysis is a powerful bioinformatics tool to determine the biological processes (BPs), cellular components (CCs) and molecular functions (MFs) related to CD93. GSEA was used to investigate the potential mechanisms of CD93.




2.12 Immune cell infiltration with the CIBERSORT algorithm

CIBERSORT (https://cibersort.stanford.edu/), is an established computational resource for characterizing the immune cell composition based on a validated leukocyte gene signature matrix containing 547 genes and 22 human immune cell subpopulations (30). In this study, it is applied to examine the correlations between CD93 expression and the immune cell subpopulation.




2.13 Statistical analysis

All statistical analyses were performed using R software 4.0.1. The results of Kaplan-Meier plots and GEPIA are displayed with HR and P or Cox P-values from a log-rank test. The correlation of CD93 gene expression was explored by Spearman’s correlation and statistical significance. The heat map of the correlations was generated by the R software package pheatmap with Spearman’s correlation. The P-values < 0.05 were considered statistically significant for all statistical analyses.





3 Results



3.1 Pan-cancer analysis of CD93 expression

To investigate the mRNA expression of CD93 in tumor and normal tissues, we utilized an online tool, Tumor Immune Estimation Resource (TIMER), to find that the expression of CD93 between various tumors and adjacent tissues was tremendously different (Figure 1A). Compared with the normal tissues, higher expression of CD93 was observed in Bladder urothelial carcinoma (BLCA), Breast invasive carcinoma (BRCA), Cervical squamous cell carcinoma, and endocervical adenocarcinoma (CESC), Cholangiocarcinoma (CHOL), Colon adenocarcinoma (COAD), Kidney Chromophobe (KICH), Kidney renal papillary cell carcinoma (KIRP), Liver hepatocellular carcinoma (LIHC), Lung adenocarcinoma (LUAD), Lung squamous cell carcinoma (LUSC), Stomach adenocarcinoma (STAD), and Uterine Corpus Endometrial Carcinoma (UCEC). Similarly, we confirmed that higher expression of CD93 in LIHC than in normal tissues from the gene expression profiling interactive analysis (GEPIA), the UALCAN databases, and  The Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO), respectively (Figures 1B–D; Supplementary Figure 1A). Furthermore, there was a significantly increased mRNA expression of CD93 in 50 paired LIHC tissues compared to paired adjacent normal tissues (Figure 1E). Then, we performed the Real-time PCR to verify the above conclusion (Supplementary Figure 1B). These findings suggest that CD93 expression is increased in LIHC patients and that it may play a pivotal role in the occurrence and progression of LIHC.




Figure 1 | Transcriptional expression of CD93 in LIHC. (A) CD93 expression in different types of cancers was examined by using the TIMER database. (B) Increased expression of CD93 in LIHC compared to normal tissues in the GEPIA database. (C) Increased expression of CD93 in LIHC compared to normal tissues in the UALCAN database. (D) The expression of CD93 was higher in LIHC tissues by using the TCGA database. (E) CD93 was found to be highly expressed in LIHC tissues in 50 pairs of tumor tissues and paired adjacent tissues in the TCGA database. **p < 0.01, ***p < 0.001, ****p < 0.0001.



We also investigated the protein expression of CD93 in LIHC tumor tissues and adjacent tissues. The results of Western Blot and Real-time PCR have demonstrated that CD93 was markedly upregulated in LIHC tumor tissues than in adjacent tissues (Figure 2A). Not coincidentally, immunohistochemistry and immunofluorescence staining of LIHC tumor tissue and adjacent tissues also demonstrated the same results (Figure 2B; Supplementary Figure 2).




Figure 2 | Protein expression of CD93. (A) Increased expression of CD93 in LIHC compared to normal tissues by WB. (B) Increased expression of CD93 in tumors compared to normal tissues by IHC.Box plots evaluating CD93 expression among different groups of patients based on clinical parameters using the UALCAN database. (C) gender, (D) age, (E) BCLC system, (F) Edmondson’s pathological grade, (G) TP53 mutation status, (H) nodal metastasis status. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.






3.2 CD93 expression and clinical parameters of LIHC

Since the expression of CD93 increased significantly in patients with LIHC, we further explored the relationships between CD93 expression levels and clinical outcomes according to different clinical parameters by using the UALCAN database. As shown in Figures 2C, D, there were significant differences in CD93 expression in tumors and normal tissues of LIHC patients by gender and age group. Based on the BCLC system (31), CD93 expression was higher in patients with LIHC classified as stages A, B, and C, which suggested that there was a close correlation between CD93 expression and tumor progression (Figure 2E). Regarding Edmondson’s pathological grade of LIHC, a significant increase in CD93 expression was observed in LIHC patients in grades 1, 2, and 3 (Figure 2F). We then investigated the expression of CD93 in LIHC based on TP53 mutation status and found that the expression of CD93 in tumor tissues was higher than that in normal liver tissues regardless of TP53 mutation (Figure 2G). What’s more, upregulated CD93 expression was observed in LIHC patients with nodal metastases (Figure 2H). These results suggest that the expression level of CD93 is closely related to the clinical progression of LIHC.




3.3 Elevated expression of CD93 indicates poor prognosis for LIHC

Based on our findings, we then examined the prognostic value of the CD93 gene by using the Kaplan Meier plotter database. According to the median expression of CD93, patients in the database were divided into high and low-expression subgroups. The results have shown that LIHC patients with higher expression of the CD93 gene who had no vascular invasion exhibited poor progression-free survival (PFS) (Figure 3B) and Disease-free survival (DFS) (Figure 3C), although there was no statistical difference in overall survival (OS) (Figure 3A). Moreover, we  validated the prognostic value of CD93 according to various clinicopathological features using the Kaplan-Meier database. We found that high CD93 expression was significantly associated with poor OS in patients infected with the hepatitis virus, and with poor PFS when vascular invaded (Figures 3D, E). These results imply that CD93 expression possesses prognostic value in LIHC.




Figure 3 | Survival curve evaluating the prognostic value of CD93. Survival curves using the Kaplan-Meier plotter are shown for (A) OS, (B) PFS, (C) DFS; A forest plot from the Kaplan-Meier database shows the correlation between CD93 expression and LIHC patients’ clinicopathological parameters, such as (D) OS, (E) PFS.  *p < 0.05, **p < 0.01, ****p < 0.0001.






3.4 Identification of CD93 potential mechanism in LIHC

In addition to elucidating the prognostic value of CD93 expression in LIHC, we also focused on the potential mechanisms involved in CD93 in LIHC. We generated the gene-gene interaction network to explore the altered neighboring genes of CD93 via GeneMania (Figure 4A). The results showed that the 20 most frequently altered genes were closely correlated with CD93, including A-kinase anchor protein 13 (AKAP 13) and Collagen alpha-1(IV) chain (COL4A1). Functional analysis revealed that these genes were significantly associated with endothelium development and others. We also produced the protein-protein interaction (PPI) network of CD93 through the STRING database and obtained 48 edges and 11 nodes, which included PDZ domain-containing protein GIPC1 and Complement C1q subcomponent subunit A (C1QA) (Figure 4B). Further, we investigated the correlation between CD93 and endothelial cell function-related genes based on the TCGA database (Figure 4C). As result, CD93 was positively and significantly correlated with Insulin-like growth factor-binding protein 7 (IGFBP7), post-GPI attachment to proteins inositol deacylase 1(PGAP1), and platelet and endothelial cell adhesion molecule 1 (PECAM1) whereas negatively correlated with fibronectin leucine rich transmembrane protein 3 (FLRT3), and dynein axonemal heavy chain 12 (DNAH12). In addition, we found that CD93 was correlated with vascular endothelial growth factor a (VEGFA) using the GEPIA and TIMER databases (Supplementary Figures 3A, B). We also performed IF staining to confirm the close contact between CD93 and IGFBP7 (Supplementary Figure 3C).




Figure 4 | Genes and pathways closely related to CD93. (A) The gene-gene interaction network of CD93 was constructed using GeneMania. (B) The PPI network of CD93 was generated using STRING. (C) Heat maps showing the correlations between CD93 and other genes in LIHC. (D) Heat maps showing the top 50 genes positively correlated with CD93 in LIHC. (E) Heat maps showing the top 50 genes negatively correlated with CD93 in LIHC.  *p < 0.05, **p < 0.01, ***p < 0.001.



We further exploited the TCGA database to identify genes positively or negatively co-expressed with CD93. The top 50 genes that were positively and negatively correlated with CD93 in LIHC were shown in Figures 4D, E. To establish a clearer understanding of the biological functions and potential mechanisms involved in CD93 in the development of LIHC, we presented the top 20 significant terms by GO and KEGG functional enrichment analysis. As shown in the BP category, CD93 was enriched in the extracellular matrix organization, regulation of vasculature development, and regulation of angiogenesis (Figure 5A). Correspondingly, the enriched processes of MF were extracellular matrix structural constituent, cell adhesion molecule binding, and growth factor binding (Figure 5B), while the main enrichment of CC included collagen-containing extracellular matrix, cell-substrate junction, and collagen trimer (Figure 5C). Signaling pathway enrichment analysis demonstrated that high CD93 expression in LIHC was associated with the PI3K-Akt signaling pathway, ECM-receptor interaction, MAPK signaling pathway, etc. (Figure 5D).




Figure 5 | Enrichment analysis of CD93. The top 20 significant terms by GO and KEGG functional enrichment analysis showed in (A) BP, (B) MF, (C) CC, and (D) KEGG.






3.5 Correlation analysis between CD93 expression and infiltrating immune cells

Given the complex hepatic immune microenvironment, we further evaluated the effect of CD93 expression in association with immune infiltrating cells on the occurrence and progression of LIHC using the TIMER database. We initially found a significant positive correlation between CD93 expression levels and the infiltration of six types of immune cells, including B cell, CD8+ T cell, CD4+ T cell, macrophage, neutrophil, and dendritic cell (Figure 6A). Furthermore, we estimated the associations of immune infiltration levels of immune cell subtypes with CD93 expression. As we showed, CD93 was notably positively correlated with the infiltration levels of endothelial cells, cancer-associated fibroblasts, M1/M2 macrophages, and activated Natural killer (NK) cells, whereas negatively correlated with the infiltration levels of Type 1 T helper cells, γδ T cells, central memory CD4+ T cells (Figure 6B).




Figure 6 | Relationship between CD93 and immune cells. (A) CD93 significantly associated with tumor purity and positively correlated with the infiltration of different immune cells using the TIMER database. (B) CD93 expression significantly correlated with the infiltration of immune cells in LIHC by using the CIBERSORT algorithm. (C–E) Scatterplots of the correlations between CD93 expression and (C) PD-1, (D) PD-L1 and (E) CTLA-4 in LIHC using the GEPIA database.






3.6 Correlation between CD93 expression and diverse immune markers

To gain insight into the interaction between CD93 and immune responses, we utilized the TIMER database to verify the correlation between CD93 expression and various immune features in LIHC, including B cells, T cells, CD8+ T cells, monocytes, tumor-associated macrophages (TAMs), M1/M2 macrophages, neutrophils, NK cells, and dendritic cells (Table 1). Based on calibrated tumor purity, we confirmed that CD93 expression correlated significantly with most of the representative markers in a variety of immune cells in LIHC (Table 1).


Table 1 | Correlation analysis between CD93 and gene markers of immune cells in TIMER.



We further utilized the GEPIA database to exploit the interaction between CD93 expression and well-known immune checkpoints in immunotherapy, such as PD-1, PD-L1, and CTLA-4 (Figures 6C–E). These findings support the apparent association of CD93 with immune infiltration of LIHC, which plays a key role in the immune response.




3.7 Prognostic evaluation of CD93 expression on the basis of immune cells in LIHC patients

With CD93 expression known to correlate with poor OS and PFS in LIHC, we further evaluated the impact of CD93 expression with the degree of infiltration of various immune cell subtypes on the prognosis of LIHC through prognostic analysis. The results of our analysis revealed a poor OS when LIHC patients with high expression of CD93 had decreased Regulatory T-cells, enriched Type 1 T-helper cells, and decreased Type 1 T-helper cells (Figure 7A). More details were shown in Figures 7C–E. In addition, LIHC patients with high expression of CD93 possessed poor PFS when there were enriched CD8+ T cells, enriched Type 1 T-helper cells, and enriched Type 2 T-helper cells (Figures 7B, F–H). These results suggest that CD93 affects the prognosis of patients with LIHC partially due to immune infiltration.




Figure 7 | Prognostic evaluation of CD93 expression based on immune cells. A forest plot showing the correlations between (A) OS and (B) PFS and the CD93 expression according to different immune cell subgroups in LIHC patients. Correlations between CD93 expression and OS in (C) decreased Regulatory T-cells, (D) enriched Type 1 T-helper cells, (E) decreased Type 1 T-helper cells by Kaplan-Meier plotter; correlations between CD93 expression and PFS in (F) CD8+ T cells, (G) enriched Type 1 T-helper cells, and (H) enriched Type 2 T-helper cells.







4 Discussion

LIHC is considered one of the most common malignancies with high morbidity and mortality worldwide (32, 33). To reduce the economic loss and life damage from LIHC, there emerge increasingly advanced and precise diagnoses and treatments. In particular, immunotherapy with tumor immune checkpoint inhibitors has revolutionized the treatment of many types of cancer, which brings the vast majority of patients too much real clinical benefit (34–37). However, LIHC is still diagnosed at an advanced stage and has a poor prognosis when it is found. Thus, it is urgently needed to clarify the mechanisms of hepatocarcinogenesis and identify useful prognostic biomarkers and potential immunotherapy targets of LIHC.

In this study, we found that CD93 could play an important role in LIHC by involving in endothelium development and angiogenesis. The researchers have reported that CD93 took part in the control of endothelial cell function through the cooperation between CD93 and dystroglycan, a laminin-binding protein, in malignant tumors (13, 38–40). CD93 overexpression was found in tumor vasculatures, and it influenced the survival of patients in PDAC, PNET, melanoma, and colon cancer (21, 41, 42). Our findings further demonstrated that CD93 was closely correlated with angiogenesis in LIHC, as among the most frequently altered genes closely associated with CD93 are many genes associated with tumor vascularization. In particular, IGFBP7 is a protein positively and significantly correlated with CD93 that has been identified to be up-regulated in tumor blood vessels and able to promote vascular angiogenesis. Hindering the CD93-IGFBP7 axis by CD93 or IGFBP7 mAb could normalize tumor vasculature to suppress tumor growth (21). Importantly, blocking the axis also increased immune cell infiltration to inhibit tumor progression (38).

Our study has shown that CD93 was positively correlated with six types of immune cells. There were a lot of studies that reported that CD93 was involved in the regulation of the immune response in different cancers (43–46). We also found that there was a close and tight interaction between CD93 expression and well-known immune checkpoints in immunotherapy, such as PD-1, PD-L1, and CTLA-4, which were extensively reported to play an immune escape role by PI3K/Akt signaling pathway or MAPK signaling pathway (47–50). CD93 may interact with them through these pathways. In addition, we explored the impact of the relationship between immune infiltration and CD93 expression on the prognosis and survival of patients. Furthermore, subgroup analysis by immune cells showed that high CD93 expression with enriched immune cells such as CD8+ T cells, Type 1 T-helper cells or Type 2 T-helper was highly related to poor prognosis in LIHC patients. Sun et al. observed that blocking the CD93 pathway can sensitize tumors to immunotherapy to promote the cancer immunotherapy effect and Riethe Huang et al. reported that CD93 could serve as an important regulator of leukemia stem cells and a potential therapeutic target (17, 20, 46, 51).

Above all these results, we can find that CD93 plays a role in LIHC through immune infiltration, and is expected to be a potential immunotherapy target.
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Background

Interferon-gamma (IFN-γ), commonly referred to as type II interferon, is a crucial cytokine that coordinates the tumor immune process and has received considerable attention in tumor immunotherapy research. Previous studies have discussed the role and mechanisms associated with IFN-γ in specific tumors or diseases, but the relevant role of IFN-γ in pan-cancer remains uncertain.





Methods

TCGA and GTEx RNA expression data and clinical data were downloaded. Additionally, we analyzed the role of IFN-γ on tumors by using a bioinformatic approach, which included the analysis of the correlation between IFN-γ in different tumors and expression, prognosis, functional status, TMB, MSI, immune cell infiltration, and TIDE. We also developed a PPI network for topological analysis of the network, identifying hub genes as those having a degree greater than IFN-γ levels.





Result

IFN-γ was differentially expressed and predicted different survival statuses in a majority of tumor types in TCGA. Additionally, IFN-γ expression was strongly linked to factors like infiltration of T cells, immune checkpoints, immune-activating genes, immunosuppressive genes, chemokines, and chemokine receptors, as well as tumor purity, functional statuses, and prognostic value. Also, prognosis, CNV, and treatment response were all substantially correlated with IFN-γ-related gene expression. Particularly, the IFN-γ-related gene STAT1 exhibited the greatest percentage of SNVs and the largest percentage of SNPs in UCEC. Elevated expression levels of IFN-γ-related genes were found in a wide variety of tumor types, and this was shown to be positively linked to drug sensitivity for 20 different types of drugs.





Conclusion

IFN-γ is a good indicator of response to tumor immunotherapy and is likely to limit tumor progression, offering a novel approach for immunotherapy’s future development.





Keywords: IFN-γ, tumor microenvironment, immunotherapy, pan-cancer, single-cell transcriptome sequencing





Introduction

Cancer is one of the most feared diseases of the 21st century and has been rapidly increasing in prevalence over the past few decades. This can be attributed to changes in our lifestyles, habits, and the fact that people are living longer. As a result, cancer has become a major threat to human life and health. In the field of cancer treatment, there is now a strong focus on preserving the immune system, which has led to numerous advancements and breakthroughs in the area of immunotherapy. Some of the advanced immunotherapeutic strategies being employed today include the transfer of isolated activated T cells, the use of immunomodulatory monoclonal antibodies (MABs), and the development of cancer vaccines (1).

Cytokines (CK) are a class of proteins with a small molecular weight (typically <30kDa) and diverse biological functions. They are produced and released by immune cells as well as certain non-immune cells (such as fibroblasts, epidermal cells, and endothelial cells) in response to stimulation (2, 3). CKs are crucial components of the immune system and play a vital role in regulating both pathological conditions (such as cancer and autoimmune diseases) and maintaining physiological immunological balance (4, 5). CKs can be categorized into groups such as tumor necrosis factor (TNF), interferon (IFN), colony-stimulating factor (CSF), and interleukin (IL).When CKs bind to their respective receptor subunits, signaling is initiated through the formation of dimers or oligomers. This activation leads to the stimulation of pathways involving signal transducers and activators of transcription (STATs) and Janus kinases (JAKs). Additionally, specific gene expression programs and biological processes are activated (6, 7). The clustering of receptors triggers the activation of various kinases, which then phosphorylate tyrosine and serine residues in the cytoplasmic structural domain of the receptor. This phosphorylation event further activates transcriptional regulators, facilitating nuclear translocation and modulation of gene expression. Consequently, these processes exert the corresponding biological effects (8, 9).

Interferon-γ (IFN-γ), the sole member of the type II interferon family, plays a critical role as a cytokine. It is released by activated T lymphocytes, natural killer cells (NK), and γδT cells within the tumor microenvironment (TME). IFN-γ exhibits cytostatic, pro-apoptotic, and immune-inducing effects. Moreover, it performs a fundamental function in coordinating the anti-tumor immune process (10, 11). In addition to its function in the activation of cellular immunity and the enhancement of anti-tumor immunity, active IFN-γ signaling is linked to apoptosis and the arrest of the cell cycle in human cancer cells, both of which have the potential to have a direct impact on the fight against cancer (12). The role of IFN-γ in anti-tumor activities is best illustrated by the process known as cancer immunoediting. IFN-γ can induce multiple immunomodulatory pathways to achieve antitumor effects during the elimination phase of immunoediting as well as to maintain immune homeostasis (13). However, malignant tumor cells can also use IFN-γ as an inducer to suppress anti-tumor immunity and achieve immune escape of tumor cells in vivo (13, 14). Numerous research reports have demonstrated that active IFN-γ signaling is a characteristic that is shared by most tumors in the IFN-γ-tumor relationship through targeting cytotoxic T lymphocyte-associated antigen-4 (CTLA-4) and programmed cell death protein 1/programmed cell death 1 ligand 1 (PD-1/PD-L1) antibodies when subjected to immune checkpoint blockade (ICB) (15, 16). IFN-γ promotes the expression of the immunosuppressive metabolite indoleamine2,3-dioxygenase (IDO) in tumor cells and host bone marrow cells by driving the upregulation of PD-L1 in these cells, thus suppressing tumor-specific T cells and contributing to the development of an immunosuppressive TME (13).

Although the anti-cancer effects of IFN-γ have been demonstrated in various tumor studies, there is still a lack of research exploring its properties and mechanisms in pan-cancer. Additionally, there has been limited investigation into the positive and negative effects of IFN-γ in the anti-tumor process. To address this gap, we conducted a pan-cancer analysis using the Genotype-Tissue Expression (GTEx) and the Cancer Genome Atlas (TCGA) databases. This analysis focused on genes associated with IFN-γ across a range of tumors, examining their expression levels, prognostic outcomes, immune infiltration, tumor purity, single-cell levels, and tumor markers. By doing so, we aimed to provide valuable insights into the potential application of IFN-γ in tumor immunotherapy, expanding our understanding of its involvement in anti-cancer mechanisms.





Method




Data collection

We downloaded TCGA and GTEx RNA expression and clinical data by using the UCSC XENA database (http://xena.ucsc.edu/). TCGA (https://portal.gdc.cancer.gov/) is a platform with a sample size of over 10,000 and contains data on 33 common tumors and follow-up data (17, 18). Supplementary Table 1 displayed the full and abbreviated tumor names. TCGA was searched for methylation data and copy number variation (CNV). From the TCGA dataset, we retrieved RNA-Seq data that was presented in the form of transcripts per million (TPM). Additionally, we used the GTEx dataset for gene expression analysis in non-cancer tissues (19).





Evaluation of IFN-γ scores

IFN-γ-related gene was derived from Ayers et al (20). In their study, the IFN-γ 10 gene signature was identified based on data from different clinical studies using a learning-validation model. Calculation of IFN-γ scores based on single-sample gene-set enrichment analysis (ssGSEA) for the quantification of expression levels of these genes in each cancer (21). ssGSEA uses a method similar to GSEA enrichment analysis in which the enrichment score of the target gene set is calculated by ranking the target genes among the total genes. ssGSEA converts the gene expression profile of a single sample into a gene set enrichment profile. The enrichment score of a gene set represents the activity level of a biological process that is synergistically upregulated or downregulated by the members of the gene set. This transformation allows researchers to characterize cell states in terms of the activity levels of biological processes and pathways, rather than by the expression levels of individual genes (22).





Construction of IFN-γ regulation Network and protein-protein interaction (PPI) analysis

Analysis of protein-protein interactions (PPI) was conducted on the IFN-γ-related genes after they were imported into the STRING database (https://string-db.org/). After downloading the txt file, an Excel copy of it was made for annotation purposes, after which it was imported into the Cytoscape program to develop the PPI network for the core genes. Cytoscape’s network analysis feature was utilized to examine the topology of the network, and genes with degrees greater than IFN-γ were considered hub genes.





The analysis of IFN-γ function at the single-cell level

We investigated the association of IFN-γ with functional status in many malignancies utilizing the CancerSEA database. Single-cell analysis of 14 functional statuses of 10 IFN-γ-related genes across tumor types was conducted utilizing the Cancer Single Cell State Atlas (CancerSEA) database (http://biocc.hrbmu.edu.cn/CancerSEA/).





Single-cell transcriptome sequencing data analysis

Single-cell transcriptome sequencing data (GSE152938) was downloaded form GEO database. Prior literature has outlined the steps used to prepare single-cell suspensions (23). In brief, cold Hank’s Balanced Salt Solution was utilized to transport freshly isolated tumor samples from the operating room to the lab (HBSS; Gibco, C11875500BT). Afterward, the samples were rinsed and sliced into 2-4 mm sections. For 30 minutes, several species of tissue were gently agitated in a digesting solution comprised of HBSS at 37°C. Before single-cell sequencing, samples were washed and filtered to remove red blood cells and determine cell viability. Two samples of kidney clear cell carcinoma (KIRC) were obtained from patients who underwent radical nephrectomy. Hiseq X10 (Illumina, San Diego, California) with standard settings was utilized to sequence all the samples. CellRanger (v3.0.2) was utilized to transform preliminary sequencing data (.bcl) into FASTQ files. To perform quality control (QC) and secondary analysis, we employed the R programming language (v3.5.2) together with the Seurat R package (v3.1.1). The GEO database (GSE152938) contains the datasets derived by single-cell sequencing (24).





Paraffin-embedded tissue collection

The matched malignancies and paracancerous tissues used in this study were derived from a total of 43 patients with breast cancer. Patients received a definite breast cancer diagnosis but had not yet undergone any kind of chemotherapy or radiotherapy. All patients were granted their written consent to participate. The affiliated Cancer Hospital of Guangxi Medical University’s Ethics and Anthropology Committee granted its approval to the present research. All procedures and tests were carried out in conformity with all applicable guidelines and regulations.





Immunohistochemical staining of paraffin sections

The immunohistochemistry detection kit (EliVision plus) and DAB staining kit were purchased from Maixin Biotechnology Company in Fuzhou, China. Formalin was utilized to preserve all the tumor samples. To prepare the tissues for staining, they were first sectioned to a thickness of 5 micrometers and then put on glass slides, followed by routine dehydration, paraffin embedding, and consecutive sectioning with a thickness of 4μm. Deparaffinization was done using xylene, followed by gradient ethanol hydration. EDTA high-temperature high-pressure antigen retrieval, DAB staining, and counterstaining with hematoxylin were performed. The primary antibody was diluted at a concentration of 1:1000. Immunohistochemical staining was performed using the EnVision two-step method, and all experimental procedures strictly followed the instructions provided with the kit.





Survival analysis

Utilizing the R software, we carried out analyses of univariate Cox regression and Kaplan-Meier (KM) survival. The relevance of IFN-γ expression to patients with various cancers was assessed by using measurements of progression-free interval (PFI), disease-specific survival (DSS), and overall survival (OS) (25). Furthermore, both KM curves and univariate Cox proportional hazards regression were utilized to derive p-values, 95% confidence intervals (CIs), and hazard ratios (HRs) (26).





Correlation analysis between IFN-γ expression and immunity

Both tumor mutational burden (TMB) and microsatellite instability (MSI) have been proven in previous research to play a role in the prevention and treatment of tumors (27). TMB is a biological marker of immune response that characterizes the number of mutations that have occurred in tumor cells (28), calculated as the total number of errors in somatic gene coding, base substitution, gene insertions, or deletion that can be identified per million bases (29). The TMB score was determined by dividing the sum of mutations by the size of the exome (the size of an exome was determined at 38 MB). MSI, induced by MMR defects, is related to patient prognosis (30). Data on somatic mutations were collected from TCGA (https://tcga.xenahubs.net) and used to compute MSI scores for all samples.

Furthermore, utilizing the TIMER database (http://cistrome.org/TIMER/), we examined the link between IFN-γ and tumor-infiltrating immune cells (TIICs). Through the use of ssGSEA, we studied how IFN-γ is linked to other immune-related factors such TIICs, immune-activating genes, immune suppressor genes, chemokines, and chemokine receptors. The immune score is a representation of the number of immune cells that have infiltrated the tumor tissue.





Tumor immune dysfunction and exclusion score analysis

TIDE is a mathematical framework that integrates and models data from 33,197 samples collected from 189 human cancer studies. When applied to malignancies, TIDE simulates the immune evasion mechanism by dampening the function of T cells in cancers with high cytotoxic T cell (CTL) infiltration and inhibiting the infiltration of T cells in tumors with lower CTL infiltration (31, 32). Following the tagging of defective markers on T cells, how the expression of certain genes in the tumor interacts with the amount of CTL infiltration was analyzed to determine how it will affect patient survival (33). TIDE is an effective predictor of ICBF response, and patients exhibiting elevated TIDE scores have a higher risk of the tumor evading the immune system. Consequently, they have a low likelihood of responding favorably to the ICBF scheme.





Drug sensitivity analysis

The Genomics of Drug Sensitivity in Cancer (GDSC) database was searched to obtain the data on the cell lines (n = 860), genes (n = 17419), and small molecules (n = 265). Using the methodology developed by Rees et al., we investigated the degree to which gene expression is correlated with drug responsiveness (34). The half maximum inhibitory concentration (IC50) values for medications as well as gene expression patterns for each tumor cell line were obtained from the GDSC. Calculations were made to determine the Pearson correlation coefficients between the transcript levels and the IC50 value (24).





Statistical analysis

The raw data obtained from TCGA and GTEx RNA were subjected to log2 transformation for normalization before further analysis. The Spearman correlation test was performed to assess the associations between gene expressions, and a significance level of P < 0.05 was used as the threshold for determining significant correlations. The Student’s t-test was utilized to compare the differences in gene expression levels between normal and cancerous tissues. Kaplan-Meier (KM) survival curves were employed to evaluate the prognostic significance of the analyzed indexes. Cox proportional risk regression models were used to calculate adjusted risk ratios. A significance level of P < 0.05 was considered statistically significant.






Result




Differentially expressed IFN-γ-related genes in pan-carcinoma and their effect on prognosis

The Supplementary Figure 1 shows the flow chart of this study. Initially, we conducted an analysis of gene expression profiles associated with IFN-γ in various cancers and observed variations in their expression levels across different tumor types. Using a heat map, we examined the expression of 10 IFN-γ-associated genes in 33 distinct cancer types and discovered discrepancies in gene expression within the same tumor as well as across different tumor types. Notably, TGCT, LUSC, LUAD, KIRC, HNSC, DLBC, and CHOL exhibited high expression of the studied genes, while UVM, PCPG, LGG, KICH, and ACC showed low expression (Figure 1A). In terms of prognostic implications, we found that high expression of most of the selected 10 genes was associated with shortened progression-free survival (PFS), overall survival (OS), and disease-free survival (DSS) in patients with LGG and UVM, indicating increased risk. Conversely, SKCM patients with high gene expression had higher DSS, OS, and PFS, suggesting a protective effect (all P < 0.05). Additionally, high STAT1 expression was linked to higher DSS and OS in patients with PAAD or ACC (Figure 1B). These findings indicate that the expression of IFN-γ-associated genes is correlated with the prognosis of tumor patients, with the correlation depending on the specific tumor type.




Figure 1 | Prognostic significance of differential IFN-γ-related genes (IFN-γ-RGs) in various cancers. (A) Expression analysis of IFN-γ-RGs in 33 different types of cancer. Red indicates high expression genes, blue indicates low expression genes. (B) Survival differences between high and low gene expression levels. Red indicates high hazard ratio (HR). The size of the circles represents the significance level, with larger circles indicating lower p-values.







Analysis of IFN-γ-related genes and gene mutations

To investigate the impact of gene mutations on gene expression, we analyzed the mutation status of IFN-γ-related genes in different tumors. Our study examined the genetic variations of genes associated with IFN-γ in 33 distinct cancers and found that in most malignancies, these genes were associated with copy number variation (CNV). Among the 9 genes we investigated, heterozygous amplification and heterozygous deletion were the most common mutations observed in the 33 distinct cancers. Specifically, heterozygous amplification was the most prevalent CNV type in IDO1, STAT1, and IFNG, while heterozygous deletion was the main CNV type for CCR5, CXCL11, CXCL10, CXCL9, PRF1, and GZMA across 25 tumors. Additionally, in cases of adrenocortical carcinoma (ACC), heterozygous amplification was the primary type of CNV (Figure 2A).




Figure 2 | Pie charts illustrating the copy number variation (CNV) distribution of IFN-γ-related genes (IFN-RGs) in 33 different cancers. (A) Each CNV pie chart shows the relative frequency of homozygous/heterozygous IFN-γ-RG combinations in each tumor type. Different colored sections represent different CNV types. (B) Association between CNV and mRNA expression. The size of the dots represents the statistical significance, with larger dots indicating higher significance. P-values have been adjusted by false discovery rate (FDR) correction. (C) Color shading represents the intensity of mutation frequency. The size of the numbers indicates how frequently the associated mutated genes occur in a given tumor sample. No number indicates no mutation of that gene anywhere, “0” indicates no mutation in the coding region of the gene. (D) SNV Oncoplot. The side and top bar plots show the number of variations among samples or genes.



Furthermore, we conducted additional research to explore the relationship between relative linear copy number values and the mRNA expression levels of genes associated with IFN-γ. Our data revealed a strong positive correlation between the expression of CCR5, GZMA, IDO1, and PRF1 and CNV in both lung squamous cell carcinoma (LUSC) and head and neck squamous cell carcinoma (HNSC). Conversely, we observed a strong negative correlation between the expression of CXCL9, CXCL10, and CXCL11 and CNV in kidney renal papillary cell carcinoma (KIRP), which is a significant finding (Figure 2B). Additionally, we found a strong and favorable correlation between the expression of STAT1 and CNV.

We examined the mutations and types of variation in IFN-γ-related genes in each cancer type and discovered that uterine corpus endometrial carcinoma (UCEC) had the highest percentage (33%) of single nucleotide variations (SNVs) in STAT1, followed by skin cutaneous melanoma (SKCM), colon adenocarcinoma (COAD), stomach adenocarcinoma (STAD), rectum adenocarcinoma (READ), bladder urothelial carcinoma (BLCA), LUSC, and lung adenocarcinoma (LUAD). CASP1 had a high proportion of SNVs in UCEC, SKCM, LUSC, BLCA, and LUAD. In both SKCM and UCEC, the incidence of SNVs was higher in STAT1, PRF1, IDO1, GZMA, HLA-DRA, IFNG, and CCR5. The proportion of SNVs in CXCL10 and CXCL11 was lower (Figure 2C). These 10 genes mentioned above were the most common targets of missense mutations in pan-cancer single nucleotide polymorphisms (SNPs). The frequency of gene alterations was highest in patients with UCEC and SKCM, followed by those with STAD, COAD, BLCA, and pancreatic adenocarcinoma (PAAD). STAT1 had the highest proportion of SNPs (27%), followed by PRF1 (23%), IDO1 (17%), and GZMA (15%) (Figure 2D). These findings suggest that IFN-γ-related genes have a high frequency of mutations in various tumors and have the potential to be targeted further as therapeutic molecules.





Differential analysis of methylation of IFN-γ-related genes in pan-cancer

Abnormal DNA methylation may lead to abnormal gene expression and an increased risk of cancer. We studied the differential methylation of IFN-γ-related genes in 13 distinct types of cancers to learn more about how these genes impact tumorigenesis and uncover the mechanism of aberrant expression of these genes. IDO1 had high methylation levels in KIRP, LUAD, THCA, and ESCA, and significantly low methylation levels in LUSC and BRCA. Among the 10 genes studied, almost all of them showed low methylation levels in BRCA, KIRC, LIHC, and HNSC. Among 13 kinds of tumors, STAT1, IFNG, and CCR5 showed low methylation levels in BRCA, KIRC, LIHC, HNSC, UCEC, and BLCA (Figure 3A). For comprehending the relationship between methylation and IFN-γ mRNA expression, we discovered a strong inverse correlation in 31 cancer subtypes. Methylation was inversely associated with the expression of PRF1, CCR5, STAT1, GZMA, HLA-DRA, and CXCL10 in these malignancies. Conversely, methylation was positively linked to IDO1 expression in BRCA, THCA, SKCM, CESC, LUAD, PAAD, HNSC, STAD, BLCA, LIHC, COAD, READ, and ESCA (Figure 3B). These results suggest that the aberrant expression of IFN-γ-related genes is partly due to aberrant methylation regulation.




Figure 3 | Differential methylation analysis of IFN-γ-related genes in pan-cancer. (A) Differential methylation of IFN-RGs in 13 different cancers. Different colors represent different methylation levels, red dots indicate higher methylation levels in cancer, blue dots indicate lower methylation levels. (B) Association between methylation and mRNA gene expression. Different colored linkages represent different associations, red dots and blue dots represent positive and negative associations, respectively. P-values have been adjusted by FDR correction.







Differential expression of IFN-γ score and its association with tumor staging

Firstly, we found a positive link between genes associated with IFN-γ (p<0.05), indicating a close association between IFN-γ-RGs (Figure 4A). We also assessed the IFN-γ score between tumor and normal specimens for 33 malignancies using data from GTEx and TCGA. In contrast with normal samples, IFN-γ scores were remarkably elevated in carcinoma tissue samples, including in UCS, BRCA, UCEC, COAD, TGCT, OV, LIHC, LAML, PAAD, KIRC, PRAD, GBM, LGG, READ, ESCA, SKCM, DLBC, STAD, CESC, THCA, BLCA, and ACC. Twenty-two of thirty-three tumors had IFN-γ scores that were greater than those of normal tissues, implying that the inflammatory response in cancerous tissues was greatly enhanced (Figure 4B). The IFN-γ scores in pan-cancer at different stages were further investigated. The IFN-γ score was remarkably higher in the early stages of TGTC, HNSC, and COAD (All P < 0.05). The score of IFN-γ was higher in the late stage of KIRP (All P < 0.05). It can be inferred that IFN-γ may be a breakthrough in the early prevention and treatment of TGTC, HNSC, and COAD (Supplementary Figure 2).




Figure 4 | Differential expression of IFN-γ scores. (A) Association analysis between IFN-γ scores and IFN-γ-related gene expression. The hue of the colors represents the strength of the association, red dots and blue dots represent positive and negative associations, respectively. (B) Comparison of IFN-γ scores between 33 different types of tumors and normal tissues. *p < 0.05, ***p < 0.001, ****p < 0.0001, ns, no significance. P-values have been adjusted by FDR correction.







Prognostic significance of IFN-γ score in tumor

We explored the predictive significance of IFN-γ in TCGA pan-cancer. Cox Regression analysis demonstrated that IFN-γ served a protective function among patients with SKCM, SARC, OV, MESO, LUAD, LIHC, HNSC, DLBC, CESC, BRCA, BLCA, THCA, and ACC (All P< 0.05, Figure 5A). The findings from DSS analysis confirmed the protective function of IFN-γ in BRCA, THCA, SARC, MESO, OV, CESC, LUAD, SKCM, BLCA, and ACC (All P< 0.05, Figure 5B). The findings from PFI analysis illustrated the protective function of IFN-γ in BLCA, SKCM, LUAD, CESC, OV, LIHC, COAD, CHOL, BRCA, SARC, HNSC, and ACC (All P< 0.05, Figure 5C). Higher IFN-γ scores were linked to improved OS in ESCA, KIRC, LUAD, CESC, SARC, SKCM, STAD, and DLBC, as determined by KM analysis (Supplementary Figure 3). In MESO, LUSC, UCS, BRCA, OV, LUAD, CESC, HNSC, SARC, BLCA, SKCM, THCA, and ACC, higher IFN-γ expression was associated with improved OS and DSS (Supplementary Figure 4). Additionally, a longer PFI was associated with higher IFN-γ scores in OV, BLCA, STAD, HNSC, SKCM, CESC, LUSC, CHOL, LUAD, MESO, BRCA, COAD, LIHC, AD, and ACC (Supplementary Figure 5). From these findings, the IFN-γ score could improve the predictive significance of classical prognostic markers. Moreover, IFN-γ is strongly linked to the prognosis of many types of malignancies, suggesting that it may have a beneficial influence on the prognosis of patients with these tumors. In addition, we performed GSEA analysis of immune activation genes, immune suppression genes, immune checkpoints, chemokines, chemokine receptor gene sets and compared the variability between cancer and para-cancer (Supplementary Figures 6A–E). The results showed that the above gene set scores were either high or low in the tumors and lacked results similar to the consistency of IFN-γ-related genes. In addition, we performed 20 random samples of 10 genes each time for the above gene sets to obtain 20 random immune gene sets and perform GSEA analysis. The results were similar to previous results in that no gene sets were observed to have a consistent up- or down-regulation trend across tumors (Supplementary Figure 6F). The above results suggest that the expression status of IFN-γ-related genes in tumors is regulated by the biology behind it, and is not a coincidental result that can be obtained by an arbitrary set of immune genes.




Figure 5 | Forest plot of the results from univariate Cox regression analysis for IFN-γ. (A) Overall survival (OS). (B) Disease-specific survival (DSS). (C) Progression-free interval (PFI). P-values have been adjusted by FDR correction.







Definition of hub genes and immunohistochemistry verification

In order to get the hub gene, the IFN- genes were imported into the Cytoscape program, and then a PPI network diagram was created. The proteins are denoted by the nodes, whereas the strength of the association between these proteins is denoted by the links. As can be seen, there are a total of 19 nodes in the PPI network, as well as 92 connections. The STAT1 gene is deemed to be the hub gene since it has the greatest degree of association (Figure 6). By means of IHC, we compared the expression of STAT1 in breast malignancies and paracancerous tissues and found that STAT1 was considerably overexpressed in the malignant breast tissues (Figure 7, P=4.7e-6), which was in line with the findings of our investigation.




Figure 6 | Construction of the protein-protein interaction (PPI) network. Red nodes represent IFN-γ-related genes, blue nodes represent other genes. The thickness of the lines indicates the strength of the evidence for the interaction.






Figure 7 | Validation of STAT1 expression in breast malignant tumors and adjacent tissues using immunohistochemistry. (A) Example of STAT1 expression in breast malignant tumor detected by immunohistochemistry. (B) Statistical analysis of STAT1 expression using Student’s t-test to represent the mean values.







Single-cell functional analysis of IFN-γ

Through examining the CancerSEA dataset, we compared the IFN-γ score to 14 different functional statuses of cancers. In AML, the IFN-γ score was positively correlated with inflammation, invasion, quiescence, differentiation, angiogenesis, metastasis, EMT, and other functions, but negatively correlated with 13 functions in UM. In 11 types of tumors, there was a favorable correlation between the IFN-γ score and proliferation (Figure 8). Combined with the information on drug responsiveness from The Cancer Therapeutics Response Portal database and information on gene expression profiles of tumor cell lines, we found that twenty of thirty drugs’ sensitivities were shown to be positively linked to STAT1. IFN-γ-related genes may serve as a target for research into these medications and targeted therapy for cancer (Supplementary Table 2).




Figure 8 | Associations between IFN-γ levels and 14 different functional states in various malignancies. Red and blue represent positive and negative associations, respectively. ** represents P<0.01, *** represents P<0.001.







The purity of tumors correlates with levels of IFN-γ

We evaluated 33 different types of tumors for determining associations between IFN-γ score and discovered a positive link between IFN-γ and M1 and M2 Macrophages, T cells follicular helper cells, activated NK cells, and CD8 T cells in most cancers. Also, the IFN-γ score showed an inverse association with T cell CD4 naïve and NK cell resting. (Figure 9). In the analysis of tumor immune score, the IFN-γ score was found to have a positive correlation with the degree of immune cell infiltration in most of the 33 tumors studied (P < 0. 05, Figure 10A, Supplementary Figure 7). For PCPG, LUSC, PAAD, SARC, READ, KIRP, COAD, GBM, UCS, KICH, THYM, CHOL, LGG, and ACC, IFN-γ score was positively linked to stromal cell score (Figure 10B). Additionally, the IFN-γ score had a positive link to the TME score of ACC, SKCM, UVM, THCA, SARC, UCS, KIRC, LGG, KIRP, TGCT, CESC, LIHC, BRCA, LUSC, KICH, LUAD, OV, LAML, READ, BLCA, MESO, HNSC, GBM, CHOL, COAD, UCEC, PAAD, PCPG, DLBC, PRAD, ESCA, STAD, and THYM (All P < 0. 05, Figure 10C). The above results indicate that IFN-γ is closely related to the immune status of tumors.




Figure 9 | Correlation between IFN-γ scores and tumor-infiltrating immune cells. There is a correlation between IFN-γ scores and tumor-infiltrating immune cells in 33 different tumors. Red and blue represent positive and negative correlations, respectively. **p < 0.01, ***p < 0.001.






Figure 10 | Analysis of the correlation between IFN-γ scores and tumor purity. (A) Tumor microenvironment score analysis based on the correlation between interferon-gamma levels and immune cell infiltration. (B) Tumor immune score analysis based on the correlation between IFN-γ levels and tumor microenvironment scores. (C) Analysis of the relationship between IFN-γ and tumor stromal scores (all P<0.05).







Association of IFN-γ score with genes involved in immunity

To investigate the involvement of IFN-γ in immune modulation, we investigated whether or not there was a correlation between the IFN-γ score and the presence of ICGs in human malignancies. The results of the association between IFN-γ score and ICG indicated that the IFN-γ scores of virtually all of the different cancers that were investigated had a positive association with the expression of TIGIT, IDO1, ICOS, CD86, CTLA4, HAVCR2, PDCD1LG2, and CD48 (Figure 11A). Further, we analyzed 23 immunosuppression genes for their association with the IFN-γ score. The expression levels of LAG3, TIGIT, CD96, IDO1, PDCD1, HAVCR2, CTLA4, PDCD1LG2, CD244, and CD244 were positively linked to IFN-γ scores in almost all evaluated cancer types. In 13 tumors, the IFN-γ score was inversely linked to VTCN1 expression, whereas in 16 tumors, it was inversely linked to KDR expression (Figure 11B). In 32 different cancers, the IFN-γ score was strongly linked to CD86, CD48, KLRK1, LTA, CD27, TNFSF13B, TNFRSF9, CD40LG, KLRC1, IL2RA, and CD80, out of a total of 46 immune activation genes in pan-cancer (All P < 0. 05, Figure 11C). Simultaneously, we explored the link between IFN-γ score and chemokines. The findings demonstrated a positive link between IFN- score and the expression of CCL5, CXCL11, CXCL9, CXCL10, CCL4, CXCL13, CCL3, CCL8, and CCL2 chemokine genes (Figure 11D). Positive correlations were observed between IFN-γ score and the chemokine receptor genes CXCR6, CCR1, CCR5, CCR2, and CXCR3, and negative correlations with CXCR2, CCR1, CCR9, and CCR10 (Figure 11E) Our results are consistent with previous studies which indicate that immune checkpoint genes (ICGs) perform a remarkable function in regulating the infiltration of immune cells as well as immunotherapy (35).




Figure 11 | Relationship between IFN-γ levels and immune-related genes. (A) Association between immune checkpoint status and IFN-γ levels in human malignancies. (B) Association between immune inhibitory genes and interferon-gamma scores in human cancers. (C) Association between IFN-γ scores and expression of immune activation genes in human tumors. (D) Association between chemical factors and IFN-γ levels in human malignancies. (E) Association between IFN-γ scores and expression of chemical factor receptors in human tumors. **p < 0.01, ***p < 0.001.







Correlation between IFN-γ score and immunotherapy response markers

Immunotherapy outcomes may be predicted by monitoring the tumor’s immune escape process. For most cancers, we observed a favorable correlation between IFN-γ score and TMB. The TMB was strongly linked to IFN-γ score for PCPG, OV, LGG, LUSC, PRAD, THCA, LAML, COAD, ESCA, SARC, LIHC, CESC, BRCA, KIRP, MESO, PAAD, SKCM, BLCA, KIRC, UCEC, HNSC, KICH, LUAD, and UCS (All P<0.05, Figure 12A). Furthermore, we investigated whether or not the IFN-γ score was related to MSI. A higher IFN-γ score was associated with a lower prevalence of MSI in GBM, ACC, and BRCA (All P<0.05, Figure 12B). TIDE scores, like TMB and PD-L1, are one of the popular markers used to predict the effect of ICB treatment. Low ICB response was recorded in patients with elevated TIDE scores because of the increased risk of tumor immune evasion in these patients. In an examination of 22 cancers, the correlation between TIDE and IFN-γ scores was inverse in all 22 tumors. Evidence like this points to a link between IFN-γ expression and ICB response (Figure 12C, Supplementary Figure 8) This provides a basis for further investigation of whether the genes associated with IFN-γ can be used as potential markers of ICB therapy and modulators of immune checkpoint inhibition therapy.




Figure 12 | Immune therapy response indicators associated with IFN-γ in human malignancies. (A) Association between IFN-γ levels and tumor mutation burden in various cancers. (B) Association between microsatellite instability and interferon-gamma levels in cancers. (C) Association between IFN-γ scores and tumor immune dysfunction and exclusion scores. *p < 0.05, **p < 0.01, ***p < 0.001.







Single-cell transcriptome analysis of IFN-γ in KIRC tumor microenvironment

Quality control was performed by Seurat, and then 13124 high-quality single-cell transcriptomic data were selected for further analyses. The aforementioned cells may be classified into 11 groups, as determined by a tSNE-based cell clustering analyses: monocyte1, monocyte2, KIRC1, KIRC2, KIRC3, macrophages, mast cells, endothelial cells, NK cells, CD4+T cells, and CD8+T cells (Figure 13A). Variations in marker gene expression were highly significant across cell types (Supplementary Figure 9). We also discovered that cancerous cells from two independent KIRC samples cluster together into the same cluster (KIRC3) as well as many other distinct clusters (KIRC1 and KIRC2). The above findings demonstrate the heterogeneity within the KIRC cell type (Figure 13B). To assess the variations in IFN-γ scores across cell types, we conducted ssGSEA to summarize the IFN- scores of cells in the KIRC TME. Notably, we found significant differences in IFN-γ scores among different cells (Figure 13C). KIRC cells had the least IFN-γ score, suggesting that this marker more accurately represented the TME than the tumor itself. IFN-γ scores varied significantly across KIRC cell subsets, suggesting that IFN-γ expression is a potential KIRC cell characteristic (Figure 13D). Based on this analysis, it appears that IFN-γ is significantly different among different cells of KIRC TME. As a consequence, targeting IFN-γ could represent a substantial step forward in TME regulation.




Figure 13 | IFN-γ in the tumor microenvironment of KIRC. (A) t-distributed stochastic neighbor embedding (tSEN) plots showing 11 different cell types in KIRC samples. (B) tSEN plots of two KIRC samples. (C) IFN-γ scores of different cell types displayed on the tSEN plots. (D) Analysis of IFN-γ levels in different cell types in the tumor microenvironment of KIRC. The violin plots show the median of the IFN-γ scores. The letters at the top indicate whether there is a statistically significant difference between two cells. Different letters represent different levels of statistical significance.








Discussion

IFN-γ is a protein that is produced by two polypeptide chains that are linked together in an antiparallel manner and are encoded by the IFNG gene (36). During the innate immune response, natural killer (NK) and natural killer T (NKT) cells are the primary cells involved in regulating IFN-γ synthesis. On the other hand, during the adaptive immunological response, CD8+ and CD4+ T cells are the primary paracrine producers of IFN-γ (37). IFN-γ maintains a steady level of coordination between pro-tumor and anti-tumor immune function in the tumor microenvironment (TME) (38, 39). IFN-γ is implicated in the eradication of cancer by preventing the growth of new blood vessels, suppressing the proliferation of existing cells, enhancing apoptosis, stimulating adaptive immunity, and improving antigen processing and presentation (40). Research indicates that IFN-γ may selectively and dosage- dependently trigger apoptotic death of stem cell-like carcinoma cells in colon cancer patients through JAK-STAT1-IRF1 signal transmission (41). IFN-γ- deficient animals were shown to develop lung epithelial tumors and lymphomas spontaneously, providing additional evidence that IFN-γ is involved in the immunity against tumors and validating IFN-γ’s anti-cancer property (42, 43). Other immunosuppressive processes may be activated by IFN-γ because of its ability to induce the synthesis of indoleamine-2,3-dioxygenase (IDO) and immune checkpoint inhibitory molecules (44, 45). IFN-γ is important for cancer immunity and treatment. However, the relationship between IFN-γ and immunity is still the focus of the literature. Therefore, we conducted a systematic pan-cancer investigation of 10 IFN-γ-related genes using several databases. This research may provide the necessary strategy to maximize the anti-tumor effects of IFN-γ.

First, we analyzed the differential expression of IFN-γ-related genes in 33 tumors and found that these genes were upregulated in most tumors, especially in CESC, GBM, OV, SKCM, and TGCT. Additionally, tissue concentrations of IFN-γ were significantly higher in the cervical tissues of patients with cervical cancer (46). Also, evidence from human esophageal cancer samples demonstrated an increased level of IFN-γ in tumor tissue, which linked favorably to tumor growth and was in line with our findings (47). We analyzed the link between IFN-γ and survival rate to better understand its role in clinical risk stratification. According to the results of the survival study, OS, DSS, and PFI were all linked to IFN-γ overexpression. In the investigation of the prognostic implications of IFN-related gene expression, it was discovered that patients with COAD, LIHC, BRCA, SKCM, ACC, HNSC, and SARC had improved prognoses when IFN-γ expression levels were elevated (all p<0.05). In contrast, a worse prognosis was observed in individuals with LGG, UVM, KIRP, PAAD, and THYM who had elevated IFN-γ expression levels (all p<0.05). Previous studies found that IFN-γ inhibits the development of squamous cell carcinoma, which provided strong evidence for our findings (48).

We evaluated IFN-γ scores in tumor and normal samples of 33 cancers and found that most tumors had higher IFN-γ scores than normal tissue. INF-γ is a cytokine that promotes inflammation and is proven to be intimately linked to both innate and acquired immune responses (49, 50). Chronic inflammation can induce tumors, and the inflammatory microenvironment of tumors and exposure to tumor antigens trigger the infiltration of immune cells. Thus, IFN-γ scores are elevated in tumors that are closely associated with the inflammatory features of tumors. IFN-γ has antitumor effect. A previous study showed that M1 macrophages can be induced in vitro by IFN-γ, which can trigger a rapid pro-inflammatory response, and pathogen clearance and show anti-tumor activity (51). IFN-γ promotes migration of immune cells to TME by transcriptionally regulating the expression and secretion of CXCL9, CXCL10 and CXCL11 and their cognate receptor CXCR3 in T cells, NK cells, monocytes, DCs and cancer cells. The increase in chemotaxis of activated CTL towards TME enhances cytotoxic effects and limits tumor growth. In addition, IFN-γ can play an anti-tumor role by promoting macrophage activation, up-regulating the expression of antigen processing and presenting molecules, boosting the growth and activation of Th1 cells, facilitating the function of NK cells, and regulating the function of B cells. Therefore, IFN-γ promotes a severe inflammatory response in the tumor and shows a good prognosis. In addition, we observed large variation in IFN-γ scores across tumors, which may be related to differences in the inherent characteristics of different tumors. It has been found that IFN-γ is under transcriptional control and epigenetic control, such as chromosome access, DNA methylation and histone acetylation (52). There is variability in IFN-γ scores because the aforementioned functional activity varies among tumors.

To a large extent, TMB determines the immune response of cancer patients to treatment with immune checkpoint inhibitors (ICIs), either, anti-cytotoxic T cell-associated antigen 4 (CTLA-4) or anti-programmed cell death 1 (PD-1) (53–55). Researchers discovered that TMB has a significant role in tumor immunotherapy success. TMB is a good indicator of the effectiveness of immune checkpoint inhibitor (ICI), with larger values indicating better efficacy (56, 57). Additionally, we evaluated the link between IFN-γ scores and tumor immunity and discovered that, IFN-γ scores were positively correlated with TMB in most tumors. Numerous research reports have demonstrated that tumors with increased TMB are more likely to respond favorably to cancer immunotherapy (58). For instance, among non-small-cell lung cancer(NSCLC) patients treated with anti-PD-1/L1, patients with high TMB had longer associated PFS than those with low TMB (59). We found that IFN-γ scores were inversely linked to TIDE scores in most tumors. The lower the TIDE, the lower the possibility of immune escape, the higher the response rate to ICB treatment, and the better the clinical outcome of immunotherapy (24). Therefore, it can be inferred that IFN-γ is an indicator of a good response to tumor immunotherapy.

We examined the differential methylation of IFN-γ-related genes in 13 distinct cancers. We found variation in methylation patterns across tumors, and this phenomenon is similar to the findings of Saghafinia et al. (60) That may be caused by intrinsic differences in different tumors. In 13 different cancers, we discovered a statistically significant inverse association between the expression of most IFN-γ-related genes and methylation. Our findings were supported by data showing that the transcriptional activity of the entire IFN-γ promoter vector may be suppressed by its methylation (61, 62). Also, DNA hypermethylation in the IFN-γ promoter region was found in a vast number of cervical cancer samples, which may be linked to carcinogenesis in this disease. This suggests that methylation-mediated IFN-γ gene silencing contributes significantly to the mechanism of cervical carcinogenesis (63). However, we observed a significant positive correlation between the methylation level of IDO1 and RNA expression (64). Sailer and others similarly observed a significant positive correlation between IDO1 methylation levels and RNA expression in HNSCC (64). The reason for this phenomenon is mainly that methylation of IDO1 occurs mostly within the gene rather than the CPG island.

However, this research has several drawbacks. The current research only offers preliminary data on the association of IFN-γwith a wide range of tumor progression, and additional experimental work is required to clarify the specific molecular roles and processes of IFN-γ in carcinogenesis. Confirmation of our conclusions requires more research at the molecular and cellular levels. Meanwhile, the specific mechanisms involved in the regulation of immunity by IFN-γ remain unclear. In addition, there is a lack of specific and complete cases from which to draw inferences about the effectiveness of various medications in suppressing tumor development. Since IFN-γ processing can enhance tumor immunity by increasing T-cell and macrophage activity (65, 66), tumor cells resistant to IFN-γ may not necessarily be caused by their own drug resistance, but may be caused by the tumor promoting immune escape or creating an immunosuppressive microenvironment. We will further explore the mechanism of IFN-γ resistance in a subsequent study. Finally, the control group in this study included non-cancer samples sourced from the GTEx database. However, GTEx consisted of tissues sampled from abruptly deceased individuals, which may impact the expression of immune genes and therefore influence the research findings.





Conclusion

This paper presents a pan-cancer analysis of IFN-γ in different tumors. Additionally, we presented novel concepts and perspectives for future tumor immunotherapy, highlighting the potential utility and application direction of IFN-γ for further tumor immunotherapy.
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Three rat sarcoma (RAS) gene isoforms, KRAS, NRAS, and HRAS, constitute the most mutated family of small GTPases in cancer. While the development of targeted immunotherapies has led to a substantial improvement in the overall survival of patients with non-KRAS-mutant cancer, patients with RAS-mutant cancers have an overall poorer prognosis owing to the high aggressiveness of RAS-mutant tumors. KRAS mutations are strongly implicated in lung, pancreatic, and colorectal cancers. However, RAS mutations exhibit diverse patterns of isoforms, substitutions, and positions in different types of cancers. Despite being considered “undruggable”, recent advances in the use of allele-specific covalent inhibitors against the most common mutant form of RAS in non-small-cell lung cancer have led to the development of effective pharmacological interventions against RAS-mutant cancer. Sotorasib (AMG510) has been approved by the FDA as a second-line treatment for patients with KRAS-G12C mutant NSCLC who have received at least one prior systemic therapy. Other KRAS inhibitors are on the way to block KRAS-mutant cancers. In this review, we summarize the progress and promise of small-molecule inhibitors in clinical trials, including direct inhibitors of KRAS, pan-RAS inhibitors, inhibitors of RAS effector signaling, and immune checkpoint inhibitors or combinations with RAS inhibitors, to improve the prognosis of tumors with RAS mutations.
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1 Introduction

Rat sarcoma (RAS) genes have been recognized as the major oncogenes undergoing mutation for several decades (1, 2). Among the three isoforms (KRAS, NRAS, and HRAS), Kirsten rat sarcoma viral oncogene homolog (KRAS) is the common oncogene in a large percentage of cancers, including pancreatic cancer, non-small cell lung cancer (NSCLC), and colorectal cancer (3–6). Mutations in RAS lead to the dysfunction of its small GTPase activity, preventing it from properly breaking down GTP. The molecule remains in a constant active state that triggers downstream pathways, including the mitogen-activated protein kinase (MAPK) and phosphatidylinositol 3-kinase (PI3K) pathways, leading to oncogenesis.

Attempts to develop effective agents that inhibit RAS mutations have been a failure for a long time (7, 8). In recent years, with the discovery of a new binding site beneath the effector binding switch-II region in RAS protein, several small-molecule agents targeting the KRAS-G12C single-nucleotide mutation (glycine-to-cysteine substitution at codon 12) have been developed and have shown promising efficacy in clinical trials (9–12). Sotorasib (AMG510) has been approved by the FDA as a second-line treatment for patients with KRAS-G12C mutant NSCLC who have received at least one prior systemic therapy (13, 14). Given that several excellent reviews have summarized the role of RAS signaling in oncogenesis and the advances in RAS inhibitors for anti-tumor therapy, we herein focus on KRAS mutations and summarize the promising new treatment options.




2 RAS mutations in human cancers

RAS mutations may represent the early onset of tumorigenesis and are essential for tumor maintenance, which has been validated by considerable evidence (15–17). The RAS mutation rates in various cancer types are shown in Supplemental Figure 1. Different single-base missense mutations result in different amino acid substitutions of the RAS oncogene (Figure 1A). KRAS, HRAS, and NRAS are the three most commonly mutated RAS isoforms with varying mutation rates in different cancers (18). KRAS mutations, more than 80% of which are G12 mutations, are frequently found in pancreatic ductal adenocarcinoma (> 90%), colorectal adenocarcinoma (> 40%), and lung adenocarcinoma (approximately 30%). NRAS mutations, which occur less frequently than KRAS mutations, mainly occur at codon 61 and are found in nearly 30% of cutaneous skin melanomas. HRAS mutations occurring at codon 12 or 61 are only found in a small subset of bladder urothelial carcinoma, head and neck squamous cell carcinoma, and thyroid carcinoma (19–21). The top ten predominant substitutions and frequencies with which they occur in the three RAS isoforms according to tissue type in common cancers are shown in Figure 1B. For pancreatic ductal adenocarcinoma and colorectal adenocarcinoma, the predominant amino acid substitution is G12D in KRAS. For lung adenocarcinoma, the predominant amino acid substitution is G12C in KRAS. However, for melanoma, the predominant substitution is Q61R in NRAS.




Figure 1 | (A) An alignment of the carboxy terminus of the three RAS isoforms is shown. The RAS subtypes are highly conserved (~90%) with respect to the entire amino terminal GTPase domain (amino acids 1–166), which contains the GTP-GDP binding site and the interaction site of the effector protein; however, the carboxy terminal part differs and is called the hypervariable zone. (B) Percentages of KRAS mutations in codon 12 and NRAS mutations in codon 61 by tissue type for common cancers. (C) The canonical nature of RAS is characteristic of a small GTPase that usually circulates between the GTP-bound active state and GDP-bound inactive state, which is partly promoted by the GTP hydrolysis-stimulating GTPase activation protein (GAP). However, when the RAS protein is mutated, impaired GAP stimulation promotes the formation of a persistently GTP-bound RAS. (D) An overview of the general biochemical destruction of hydrolysis and guanine exchange after mutation of codon 12 or 61.



As the most frequently mutated isoform of the RAS family, KRAS has two splice variants, KRAS4A and KRAS4B, which differ in their fourth exon and encode two different proteins that differ only in their C-terminal membrane-targeting regions (22, 23). KRAS4B is the main mutant isoform in human cancer, whereas KRAS4A is commonly expressed in various cancer cell lines and colorectal cancer (24, 25). Certain mutations in the amino acid sequence of KRAS often result in distinct transformation properties and biological behaviors (26). For instance, KRAS-G12V mutations are associated with worse outcomes than KRAS-G12D mutations in patients with lung cancer. Over the last 30 years, the correlation between biological behavior and specific RAS mutations has remained unclear (27–29). KRAS mutations are significantly associated with poor outcomes in patients with lung cancer (30, 31). However, a recent study suggested that for stages I-III, there was no statistical difference in overall survival (OS) between the mutant- and wild-type-carrying patients with NSCLC (32).




3 Domains and regions of KRAS

The RAS protein, cycling between inactive and active GDP-bound conformations, comprises three major domains: G-domain, C-terminal, and C-terminal CAAX motifs (33, 34). The G-domain is a highly conserved domain that includes switches I and II, which are responsible for the GDP-GTP exchange (33). The C-terminal region containing the CAAX motif varies considerably among different members of the RAS family. However, this motif is essential for post-translational modification (35). RAS is activated by guanine nucleotide exchange factors (GEFs) and transduces signals to downstream pathways.

KRAS encodes a membrane-bound GTPase that is inactive when bound to GDP and active when bound to GTP. The transition of KRAS to its active state is facilitated by GEFs such as SOS1. Once activated by extracellular stimuli, the active form of KRAS acts as a cellular switch, triggering downstream signaling pathways involved in fundamental cellular processes. Mutations in RAS block the binding of GTP to RAS and cause aberrant activation of downstream pathways (Figure 1C). RAS mutations may affect the intrinsic GTPase and GDP–GTP exchange rates (Figure 1D) (36). Mutations in KRAS at codons 12, 13, and 61 inhibit the ability of GTPase activation protein (GAP) to stimulate GTP hydrolysis. However, KRAS-G13D displays heightened intrinsic exchange activity compared to the wild-type RAS protein (37, 38). Despite the reduced p120 GAP-mediated hydrolysis rate, KRAS-G12C mutant exhibits almost wild-type intrinsic GTPase activity and has been used to develop covalent inhibitors (39).




4 KRAS inhibitors for patients with cancer

Despite over three decades of intensive efforts, no effective regimen to inhibit RAS-driven oncogenesis has been developed because of its inaccessible binding surface and picomolar affinity for GTP/GDP (7, 40). The high affinity of the RAS for cytoplasmic GTP renders competitive inhibition difficult to achieve. The absence of a drug-binding groove on the smooth surface of the RAS poses a challenge for targeted inhibitors. Multiple upstream and downstream regulators of RAS pathways contribute to drug resistance mechanisms and bypass signals, further limiting the effectiveness of combination strategies (41).

These complexities underscore the challenges in targeting RAS mutations. In 2013, with the identification of a new covalent pocket of the KRAS-G12C mutation located beneath the effector-binding switch-II region, Shokat et al. reported a novel strategy for overcoming these difficulties in a mutant-specific targeting manner (42). A series of small-molecule agents could irreversibly bind to the KRAS-G12C mutation and disrupt switch-I and switch-II to bind the mutation in the GDP-bound state, thereby blocking the association with Raf and other downstream tyrosine kinases (Figure 2).




Figure 2 | RAS mutation activates the protein, and the complex formed with GTP binds to the Ras-binding domain of the effector protein (RAF, PI3K, and RALGDS) to activate the MAPK and PI3K signaling pathways, respectively. The signals are transduced into the nucleus to regulate gene expression, thereby affecting cell proliferation and survival. Inhibition of SOS or SHP2 reduces the exchange rate between GDP and GTP and reduces the GTP-bound RAS population. Mutated RAS proteins accumulate in the GTP-bound state. Many inhibitors have been developed to directly inhibit RAS, including covalent allele-specific inhibitors that bind to KRAS-G12C.





4.1 Sotorasib (AMG510)

Sotorasib (AMG510) is an oral small-molecule inhibitor that specifically and irreversibly inhibits the KRAS-G12C mutation (43). A preclinical study showed that sotorasib potently impaired the viability of two KRAS-G12C mutant cell lines NCI-H358 and MIA PaCa-2. Xenograft models have shown that AMG-510 can induce the regression of KRAS-G12C mutant tumors (9). The CodeBreak 100 phase I/II clinical trial evaluated the efficacy, safety, tolerability, and pharmacokinetics of sotorasib in patients with KRAS-G12C-mutant solid tumors (10). Of the 129 patients who participated in the phase I cohort study, 73 (56.6%) experienced mainly low-grade adverse events related to treatment (10). No treatment-related death or dose-limiting toxic effects were observed. The objective response rates (ORR) were 32.2% and 7.1% in NSCLC and colorectal cancer, respectively, indicating a promising anti-tumor activity for sotorasib in NSCLC.

The phase II cohort-based study revealed that out of 126 individuals diagnosed with advanced KRAS-G12C-mutant NSCLC, sotorasib treatment resulted in confirmed ORR and disease control rates (DCR) of 37.1% and 80.6%, respectively. The median response time during treatment was 10 months (44). A phase III clinical trial designed to compare the efficacy of sotorasib when administered alone versus docetaxel administration in previously treated patients with KRAS-G12C-mutant NSCLC is ongoing (NCT04303780). The progression-free survival (PFS) times for sotorasib-treated cohort were significantly higher than those of docetaxel-treated cohort (p=0.0017); a more favorable safety profile was also observed (45). Currently, sotorasib (AMG510) is approved by the FDA as a second-line treatment for patients with KRAS-G12C-mutant NSCLC who have received at least one systemic therapy (13, 14).




4.2 Adagrasib (MRTX849)

Adagrasib (MRTX849) is a KRAS-G12C inhibitor (46). According to preclinical studies, adagrasib effectively and consistently blocks KRAS-dependent signaling pathways with long-lasting effects, resulting in substantial tumor regression in 17 out of 26 (65%) KRAS-G12C-positive cell line- and patient-derived xenograft models (47). In a phase I/II clinical study, the KRYSTAL-1 trial evaluated the safety, tolerability, and clinical activity of adagrasib in patients with advanced solid tumors and a KRAS-G12C mutation (NCT03785249). Preliminary results showed that adagrasib monotherapy exhibited promising clinical activity and an acceptable safety profile in pretreated patients with advanced solid tumors (48). Particularly, for patients with NSCLC, among 51 patients evaluated for its clinical activity, ORR was 45% (23/51) and DCR was 96% (49/51). According to the present data from Mirati Therapeutics, patients with NSCLC with active brain metastases experienced a 63% reduction in the size of the primary lesion, and some lesions even disappeared after several cycles of adagrasib monotherapy. Among 18 patients with colorectal cancer, the ORR and DCR were 17% (3/18) and 94% (17/18), respectively. Interestingly, some coexisting mutations, including those in TP53, STK11, and KEAP1, may influence the efficacy of this anti-tumor agent. Preliminary results of KRYSTAL-1 showed that patients with advanced NSCLC and co-mutations of KRAS-G12C and STK11 had an ORR of 64% (9/14) across the pooled cohorts of phase I/Ib and II studies. A phase III study evaluating the efficacy of adagrasib versus docetaxel in previously treated patients with metastatic NSCLC and KRAS-G12C mutation is ongoing (NCT04685135).




4.3 Other KRAS inhibitors

Another KRAS inhibitor MRTX1133 selectively and reversibly inhibits KRAS-G12D and is currently being investigated in investigational new drug (IND)-enabling studies. Preclinical models have demonstrated the selective inhibition of cell viability in KRAS-G12D mutant tumor cells with a long predicted half-life (~50 h) (48). JNJ-74699157 (ARS-3248), a new-generation KRAS-G12C inhibitor, was developed based on ARS-1620 (11). A phase I clinical trial to determine the preliminary anti-tumor activity and safety in patients with advanced solid tumors and KRAS-G12C mutation showed that no significant clinical benefit was observed, with the best response to stable disease in four patients (40%). Moreover, an unfavorable safety profile prevented further enrollment and clinical development (49). The ARS-853 is a version of the ARS-1620 (50). Although they both inhibit cell growth and downstream signaling of the MAPK pathway in KRAS-G12C mutant tumor cell lines, ARS-853 is not suitable for use in animal models because of its lack of chemical and metabolic stability (11). JDQ-443 is another KRAS-G12C inhibitor currently in phase Ib/II clinical trial that evaluates the safety and tolerability of monotherapy in combination with other treatment drugs (spartalizumab and TNO155) in patients with advanced solid tumors and KRAS-G12C mutation (NCT04699188). Other KRAS-G12C inhibitors, GDC-6036 (NCT04449874), RG6330, and D-1553 (NCT04585035), are under phase I/II clinical trials, and their results have not been published. BPI-421286, GH35, BEBT-607, and JAB-21000, are all the KRAS inhibitors used in IND-enabling studies (51). The clinical developments of single-agent RAS inhibitors are summarized in Table 1.


Table 1 | RAS inhibitor single agents and combination therapy in clinical development.



With the development of new small-molecule inhibitors, previously undruggable mutant KRAS could be targeted. However, the complexity of the RAS pathway makes the treatment of RAS-mutant tumors challenging. The heterogeneity of the response to the same KRAS inhibitor among different tumor types forces researchers to consider the difference in the same mutation isoform in downstream signaling pathways and the feedback effects of the various tumors (52), as not only are cells intrinsic factors but the tumor microenvironment, particularly inflammation, also has the potential to modify susceptibility to oncogenic RAS mutations. It has been observed that certain cells can have an anti-neoplastic response against oncogenic RAS due to the activation of tumor suppressor pathways, while others cannot. The role of cell lineage in this response is of significant importance (53). Moreover, one possible explanation for the heterogeneity is the existence of different signaling dependencies in different tumor types. While some tumors heavily rely on KRAS signaling for growth and survival, others may have acquired alternative signaling pathways to compensate for KRAS inhibition. These alternative pathways can bypass the need for KRAS signaling, rendering the KRAS inhibitor less effective. Moreover, the co-occurring genetic alterations in different tumor types can contribute to the heterogeneity of response (54).

In addition, most KRAS inhibitors have been developed to target the KRAS-G12C mutation, which constitutes only a portion of the KRAS mutations and is commonly found in lung cancer (55). Therefore, new approaches are warranted to effectively treat other KRAS mutations such as KRAS-G12D and KRAS-G12V.





5 Evidence for pan-RAS inhibitors in RAS-mutant cancers

Although covalent inhibitors that directly target specific KRAS mutations exhibit promising efficacy, inhibiting other RAS mutations is challenging. New inhibitors have been developed, regardless of the type of RAS mutation or protein. A multivalent small molecular inhibitor compound 3144 was designed to interact with adjacent sites on the KRAS surface and disrupt interactions between RAS proteins and their effectors (56). Preclinical models showed that compound 3144 was capable of binding to HRAS, KRAS, and NRAS and inhibited RAS signaling. Xenograft models also indicated that 3144 could prevent the growth of RAS-mutant mouse cancer xenografts derived from tumor cell lines and patients. Satchell et al. developed a pan-RAS biologic inhibitor by fusing the RAS-RAP1-specific endopeptidase to the diphtheria toxin, which could irreversibly cleave and inactivate intracellular RAS at picomolar concentrations and terminate downstream signaling and induce tumor shrinkage in mouse xenograft models driven by either wild-type or mutant RAS (57). Furthermore, a compound named cmp4 selectively binds to the Switch II pocket of both HRAS and KRAS proteins with different mutations. By interfering with the binding of RAS to GEFs and Raf effectors, cmp4 effectively reduced the intrinsic and GEF-mediated nucleotide dissociation and exchange processes of the Ras protein, ultimately leading to the inhibition of the mitogen-activated protein kinase signaling pathway and a decrease in cell viability. According to a mathematical model of the RAS activation cycle, cmp4 when combined with cetuximab reduces the proliferation of cetuximab-resistant cancer cell lines. However, the affinity of cmp4 for RAS is unsatisfactory, and this limits its application as an ideal clinical drug (58).

Unfortunately, all these compounds that could function as pan-RAS inhibitors have only been tested in preclinical studies. Given the essential role of RAS in normal cell signaling, it is unclear whether pan-RAS inhibitors are tolerated. Previous studies have revealed that homozygous deletion of KRAS is embryonically lethal in mice (59–61). Therefore, the toxicity of pan-RAS inhibitors should be investigated in future studies. In addition, acquired resistance to RAS inhibitors often prevents further clinical benefits. Awad et al. compared the genomic and histological landscapes of pretreatment samples and those obtained after the development of resistance. Acquired KRAS alterations included G12D/R/V/W, Q61H, R68S, and high-level amplification of the KRAS-G12C allele. Bypass mechanisms involve MET amplification, mutations in NRAS and BRAF, and the oncogenic fusion of ALK and RET. Loss-of-function mutations in NF1 and PTEN have been previously reported. Consequently, new therapeutic strategies are necessary to overcome and delay drug resistance in patients with cancer (62).




6 KRAS mutations and immune landscape

Specifically, mutant KRAS not only alters the behavior of cancer cells but also affects various cells in the tumor microenvironment (TME). KRAS activation increases the production of the neutrophil chemokines CXCL1, CXCL2, and CXCL5 (63). The upregulation of intercellular adhesion molecule 1 (ICAM1) by KRAS promotes the recruitment of pro-inflammatory M1 macrophages (in contrast, co-activation of KRAS and MYC increases the recruitment of anti-inflammatory M2 macrophages by releasing CCL9 and IL-23). KRAS-mediated secretion of TGFβ and IL-10 leads to the differentiation of immunosuppressive regulatory T cells (Tregs). It also enhances tumor-infiltrating myeloid-derived suppressor cells (MDSCs) through GM-CSF-dependent and IRF2/CXCL3-dependent mechanisms (64).

Moreover, different co-mutation statuses of KRAS can affect the TME and response to immune checkpoint inhibitors (ICIs). For example, tumors with KRAS/STK11 co-mutations often exhibit deficiencies in CD8+ T lymphocytes and a high abundance of T-regulatory cells in the microenvironment. In contrast, tumors with KRAS/p53 co-mutations tend to have an inflamed TME characterized by a higher number of CD8+ T lymphocytes. This can be attributed to p53 mutations, which tend to increase somatic tumor mutations and potentially lead to the development of tumor neoantigens (65).

A detailed understanding of these pleiotropic effects will facilitate the rational design of curative combination therapies. Leidner et al. reported a patient with metastatic pancreatic cancer who received a single infusion of genetically engineered autologous T-cells targeting mutant KRAS-G12D. This led to a 72% partial response at 6 months according to the currently ongoing Response Evaluation Criteria in Solid Tumors version 1.1. Engineered T cells constitute over 2% of the circulating T cells (66). The occurrence of distinct co-mutations affects the clinical efficacy of immunotherapies. In another study involving 536 patients with KRAS-mutant lung adenocarcinoma, both STK11 and KEAP1 mutations in the presence of a KRAS mutation were associated with poor response rates to anti-PD-L1 inhibitors. Median PFS and OS were significantly shorter for KRAS-mutant/STK11-mutant NSCLC (2.0 and 6.2 months, respectively) than that for KRAS-mutant/STK11-wildtype (4.8 and 17.3 months, respectively; HR 2.04, 95% CI 1.66–2.51, p < 0.0001) varieties. Similarly, patients with KRAS-mutant/KEAP1-mutant NSCLC had lower PFS and OS (1.8 and 4.8 months, respectively) than those with KRAS-mutant/KEAP1-wildtype variety (4.6 and 18.4 months, respectively; HR 2.05, 95% CI 1.63–2.59, p < 0.0001) (67).



6.1 Immunotherapy in KRAS-mutant cancers

Immunotherapy has revolutionized the landscape of cancer therapy, especially ICIs, which have been aggressively tested in almost all cancer types. The discovery of immune checkpoints, including cytotoxic T lymphocyte protein 4 (CTLA4), PD-1, and PD-L1, was a breakthrough in cancer immunotherapy. Data obtained from human cancer studies and transgenic mouse models suggest that immune responses aimed at safeguarding the host can be overcome in RAS-driven cancers (47). A KRAS-G12D-induced mouse model also demonstrated that the initial immune response was inhibited, eventually leading to immune evasion. Therefore, resuscitation of the depressed immune surveillance system may be an efficient approach for the treatment of RAS-mutant cancers.

A good immunotherapy response is predicted by a high mutational burden, elevated PD-L1 expression, and an increased prevalence of tumor-infiltrating lymphocytes (TILs). KRAS-mutant NSCLC cells display a high mutational burden and are densely infiltrated by T-cells. In addition, a meta-analysis of 26 studies (n=7,541 patients) indicated that tumors with KRAS mutations had higher levels of PD-L1 than tumors without KRAS mutations; odds ratio (OR) =1.45, 95% CI, 1.18-1.80, P= 0.001) (68). Further, KRAS mutations can induce the upregulation of PD-L1. According to Coelho et al., PD-L1 expression in tumor cells can be influenced by activating the oncogenic RAS pathway, which is accomplished through post-transcriptional regulation of PD-L1 mRNA (69).

Thus, immunotherapy for KRAS-mutant lung cancer may show potential. A subgroup analysis of CheckMate-057 exhibited prolonged outcomes with ICIs than with docetaxel in patients with KRAS-mutant NSCLC (mean OS, 12.2 vs 9.4 months; P=0.002) (70). The exploratory analysis of KEYNOTE-042 revealed pembrolizumab monotherapy as the first-line therapy, which exhibited more pronounced benefits over chemotherapy in patients with KRAS mutations (mean OS, 28 vs 11 months; hazard ratio, 0.42; 95% CI, 0.22-0.81) than those with KRAS wild type (mean OS, 15 vs 12 months; hazard ratio, 0.86; 95% CI, 0.63-1.18). Recently, a retrospective study evaluated the correlation of KRAS status with outcomes following immunotherapy in patients with PD-L1≥50%. Among patients treated using ICI monotherapy, the KRAS variant was related to a superior survival than did KRAS wild-type (mean OS, 21.1 vs 13.6 months; P =0.03). The CCTG PA.7 study compared gemcitabine and nab-paclitaxel, with and without durvalumab and tremelimumab, in metastatic pancreatic ductal adenocarcinoma. Combination immunotherapy did not improve survival among the unselected patient population but improved survival for patients with wild-type KRAS tumors (NCT02879318) (71).

Many patients with KRAS-mutant NSCLC receive ICIs as first-line treatment because of their limited approval for second-line use. Combining KRAS inhibitors with ICIs is logical given the diverse mechanisms of mutant KRAS during immune response. Mouse models treated with sotorasib and ICIs showed pro-inflammatory changes in the TME and synergistic tumor cell killing. Adagrasib also induces a pro-inflammatory state and enhances immune cell infiltration. Combination therapy resulted in lasting anti-tumor and memory immune cell responses in mice. Future studies should explore combination therapies, predictive biomarkers, and mechanisms of resistance in KRAS-mutant cancers (9).





7 Combination therapy of RAS inhibitors for RAS-mutant cancers

In preclinical models, combination treatment with AMG510 caused regression of KRAS-G12C-mutant tumors and improved the anti-tumor efficacy of targeted agents and chemotherapy (9). When combined with immunotherapy, AMG510 induces complete and durable tumor regression. The improved efficacy of the combination therapy may be attributed to increased immune cell infiltration and activation. In preclinical models, the AMG510 monotherapy and combination therapy groups demonstrated a notable increase in CD8+ T cell infiltration, which was not observed in the anti-PD-1 monotherapy group. Additionally, AMG510 treatment increased the infiltration of macrophages and CD103+ cross-presenting dendritic cells, which play vital roles in T-cell priming, activation, and recruitment. Furthermore, the combination of AMG510 and anti-PD-1 therapy promoted the establishment of a memory T cell response and enhanced antigen recognition. Phase I/II clinical trials evaluating the efficacy and safety of sotorasib in combination with PD-1/PD-L1 inhibitors in patients with advanced solid tumors and KRAS-G12C mutations are ongoing (CodeBreaK 100/101).

Preclinical models have also demonstrated that human epidermal growth factor receptor (EGFR) family inhibitors, SHP2 inhibitors, mammalian target of rapamycin (mTOR) inhibitors, and inhibition of CDK4/6 could enhance the anti-tumor activity of MRTX849 and inhibit KRAS-dependent signaling pathways (46). Clinical trials were conducted to evaluate the efficacy and safety of combination therapy of adagrasib with pembrolizumab (a PD-1 inhibitor) or afatinib (an HER family inhibitor) in patients with NSCLC, with cetuximab in patients with colorectal cancer, and with TNO-155 in patients with advanced solid tumors. Preliminary results showed that more than 50 patients were treated with adagrasib in combination with either pembrolizumab (a PD-1 inhibitor) for NSCLC, cetuximab (an anti-EGFR antibody) for colorectal cancer, or TNO-155 (an SHP-2 inhibitor) for NSCLC or colorectal cancer. All the combination therapies were well tolerated by patients (48). A phase I-II clinical trial evaluated the efficacy and safety of adagrasib monotherapy or in combination with cetuximab in heavily pretreated patients with metastatic colorectal cancer and mutant KRAS-G12C. The results revealed that 19% of the 43 evaluated patients in the monotherapy group responded, with a median response duration of 4.3 months and a median PFS of 5.6 months. However, the combination therapy group had a higher response rate (46%), with a median response duration of 7.6 months and a median PFS of 6.9 months (72). A phase II clinical trial evaluated the efficacy of adagrasib in patients with KRAS-G12C-mutant NSCLC previously treated with platinum-based chemotherapy and anti-PD-1 or PD-L1 therapy. The results showed that 48 of the 112 enrolled patients had a confirmed objective response, with a median response duration of 8.5 months and a median PFS of 6.5 months. The median OS was 12.6 months (73).

A phase Ib/II clinical trial to characterize the safety and tolerability of JDQ443 in combination with TNO155, spartalizumab (a PD-1 inhibitor), or TNO155 and spartalizumab in patients with advanced solid tumors and KRAS-G12C mutations is ongoing (NCT04699188) (74). Another phase I trial to assess the safety and preliminary activity of GDC-6036 in combination with atezolizumab (a PD-L1 inhibitor) or erlotinib in patients with NSCLC, cetuximab in patients with colorectal cancer, or bevacizumab in patients with advanced solid tumors is underway (NCT04449874). D-1553 is also the regimen used in clinical trials to assess the anti-tumor activity of combination therapy of RAS inhibitors with other treatments (NCT04585035). However, the results of these studies have not been reported. The combination therapies for RAS inhibitors used in clinical development are shown in Table 1.




8 Inhibitors of KRAS and associated molecular pathways



8.1 Upstream RAS pathways and KRAS inhibitors

Normal RAS upstream signaling requires activation by GEFs, membrane localization, effector binding, and nucleotide exchange and processing (75). Therefore, the disruption of any of these steps could indirectly inhibit RAS activation. Son of Sevenless (SOS) is a GEF that activates important cell signaling pathways and acts as a pacemaker for the RAS (76). Elimination of SOS1 specifically induces a decrease in the survival rate of tumor cells carrying a KRAS mutation, while exhibiting no significant impact on those with wild-type KRAS (77). BAY293, BI-3406, and BI-1701963 are SOS1 inhibitors developed to inhibit the protein-protein interactions of KRAS-SOS1 (78–80). However, preclinical studies have shown that BAY 293 only demonstrates modest antiproliferative effects, and no significant difference between KRAS mutation and wild-type was observed (78). BI-3406 exhibited more encouraging anti-tumor activity. It not only selectively inhibited the proliferation of KRAS-mutant cancer cells but also blocked the negative feedback reactivated by SOS1 (79). BI-1701963, an improved version of BI-3406, is currently in three phase I trials to determine the safety, tolerability, and pharmacokinetic parameters of BI-1701963 monotherapy or in combination with trametinib, BI-3011441 (a MEK inhibitor), or irinotecan in patients with KRAS-mutated cancers (NCT04111458, NCT04835714, and NCT04627142).

As a non-receptor protein tyrosine phosphatase, SHP2 is encoded by PTPN11, plays an important role in signal transduction downstream of various growth factors, and increases RAS nucleotide exchange by binding to GRB2 and SOS1 (81). The complete activation of the RAS-MAPK pathway requires SHP2; thus, the essential role of SHP2 in oncogenic signaling is established. The inhibition or deletion of SHP2 delays tumor progression in established tumors. SHP-099 and RMC-4550 are both potent and selective SHP2 allosteric inhibitors (82, 83). Both reduced cell proliferation, but the sensitivities differed among different KRAS-mutated cancer cells. Another study revealed that IACS-13909, a potent and specific allosteric inhibitor of SHP2, effectively inhibited tumor cell proliferation in vitro and caused regression of tumors in vivo in NSCLC models that exhibited resistance to osimertinib due to EGFR mutations (84). However, the anti-tumor activity of IACS-13909 against KRAS-mutant cancer cells has not yet been established.

Although SHP2 inhibitors offer a potential therapeutic solution for receptor tyrosine kinase-driven cancers, they may not adequately suppress tumor growth in KRAS-mutated cells when administered alone (83). In KRAS-mutant tumors, resistance to MEK inhibition is common owing to the activation of the receptor tyrosine kinase signaling pathway. However, combination treatment with MEK and SHP2 inhibitors resulted in the continued regression of tumor growth in xenograft models of pancreatic cancer and NSCLC derived from patients, indicating the clinical efficacy of dual SHP2/MEK inhibition for KRAS-mutant cancers (85).

RMC-4630 (SAR442720) is an SHP2 inhibitor under phase I/II trial that evaluates the safety, MTD, and RP2D of RMC-4630 in combination with cobimetinib in patients with relapsed/refractory solid tumors and combination with osimertinib in patients with EGFR-mutant locally advanced or metastatic NSCLC (NCT04000529). Another two phase I trial evaluating the safety of RMC-4630 monotherapy (NCT03634982) and in combination with pembrolizumab (NCT04418661) in advanced solid tumor patients presented in the AACR ANNUAL MEETING 2020 showed that the combination of RMC-4630 with cobimetinib has acceptable tolerability, and tumor reduction was observed in three of eight patients with KRAS-mutant colorectal cancer, including one unconfirmed PR at the data cut-off (86). TNO155 (NCT03114319, NCT04000529, NCT04330664, and NCT04699188), JAB-3068 (NCT04721223, NCT03518554, and NCT03565003), and JAB-3312 (NCT04121286 and NCT04045496) are all SHP2 inhibitors currently in clinical trials. However, the results of these studies have not yet been published.

In addition, complete RAS activation requires a post-translational process to associate with the membrane, protein oligomerization or dimerization, and effector binding. RAS can also self-associate to enhance scaffolding and signaling activities via dimerization. Disruption of any of these steps appears to effectively block RAS signaling. However, there remains a challenge that needs to be overcome. Enzymes involved in the post-translational process also process other membrane-associated proteins that can cause intolerable toxicity. Owing to the challenges in reconstituting RAS dimers and oligomers in vitro, the study of the molecular intricacies of RAS-RAS interactions has been limited to a combination of computational modeling and experimental validation of protein interactions.




8.2 Downstream effectors of RAS pathways and KRAS inhibitors

Once activated, RAS interacts with a diverse array of downstream effectors, each of which plays a unique role in signal transduction. Some key effector pathways include the RAF-MEK-ERK, PI3K-AKT-mTOR, and RalGDS pathways. The RAF-MEK-ERK pathway is one of the most well-studied RAS effector pathways. It involves the activation of RAF kinases (such as ARAF, BRAF, and CRAF), which phosphorylate and activate MEK1/2. MEK1/2 then phosphorylates and activates ERK1/2, leading to the regulation of gene expression and cellular processes, such as proliferation, differentiation, and survival. The PI3K-AKT-mTOR pathway is an important RAS effector pathway. RAS activates phosphoinositide 3-kinase (PI3K), leading to the production of phosphatidylinositol-3,4,5-trisphosphate (PIP3). PIP3 recruits and activates protein kinase B (AKT), which regulates multiple downstream effectors involved in cell growth, metabolism, and survival. AKT also regulates the mammalian target of the rapamycin (mTOR) pathway, thereby influencing protein synthesis and cell proliferation. The RalGDS pathway involves the activation of the Ral guanine nucleotide dissociation stimulator (RalGDS) by RAS. RalGDS activates Ral GTPases that participate in diverse cellular processes, including cytoskeletal organization, membrane trafficking, and cell transformation. These downstream effectors represent only a fraction of the intricate network of signaling pathways regulated by RAS. The complexity and diversity of RAS signaling indicate its fundamental importance in cellular physiology and its role in various diseases, particularly cancer (87, 88).

Downstream effectors of the RAS pathway, particularly those in the RAF-MEK-ERK and PI3K-AKT-mTOR signaling pathways, have become attractive targets for anti-RAS mutation treatment. Numerous inhibitors targeting different constituents of the RAF-MEK-ERK and PI3K-AKT-mTOR effector pathways have been developed and are currently undergoing clinical assessment; however, their effectiveness appears to be limited (89–91). The RAF pathway plays a significant role in the promotion of RAS-driven cancer growth. Studies conducted in mouse models have indicated that only the constituents of the RAF-MEK-ERK pathway can compensate for the loss of RAS function and revive the growth of RAS-deficient mouse embryonic fibroblasts. However, inhibition with a single-component RAF, MEK, or ERK could lead to negative feedback, which might explain poor efficacy (92). Although the PI3K pathway may have a minimal effect on promoting RAS-dependent cancer growth, it complements the RAF-MEK-ERK cascade. Therefore, resistance to RAF pathway inhibitors may be mediated via the PI3K pathway. Thus, a combination strategy with other inhibitors as mentioned previously or immunotherapy might be required to completely suppress the signaling pathway as an effective strategy for RAS-mutant cancer.

Although the clinical data of immunotherapy are limited in other solid tumors with RAS mutations, the efficacy of a combinational strategy of immunotherapy with RAS inhibitors or inhibitors of downstream effectors of the RAS pathway, particularly the MAPK pathway, is worth anticipating, and the possible reason has been discussed previously. Clinical trials are ongoing, as previously discussed. The adoptive cell approach and cancer vaccines, two other immunotherapeutic approaches to treat RAS-driven cancers, have shown certain efficacy, but further research is still needed (93, 94).





9 Discussion

KRAS mutations have long been considered attractive targets for cancer therapy. After decades of effort, KRAS mutations are no longer considered undruggable. KRAS-G12C allele-specific inhibitors exhibit promising efficacy in clinical trials and have the potential to alter the treatment status of RAS-mutant cancers. Sotorasib and adagrasib have shown promising results in inhibiting KRAS-G12C and controlling tumor growth. Disease control was observed in a significant percentage of patients, and tumor shrinkage was also noted. However, some patients developed resistance mechanisms, such as mutations activating RAS or the RAS pathway, which rendered the drugs less effective. Combining KRAS-G12C inhibitors with other targeted therapies, like cetuximab or SHP2 inhibitors, has shown enhanced activity in preclinical studies. Resistance mutations were more frequent in patients with lung or colorectal cancer treated with adagrasib. Multiple types of lesions were identified, including mutations preventing drug binding, non-G12C activation of RAS, KRAS amplification, and activation of other pathway components. The presence of multiple and diverse resistance mechanisms poses a challenge to the efficacy of RAS inhibitors. However, similar mechanisms have been observed in resistance to other targeted therapies, indicating the need for further investigation. Despite these challenges, KRAS-G12C inhibitors have demonstrated clinical benefit and are likely to be useful as second-line treatments for lung cancer. Continued research and development are expected to lead to improved drugs and combination therapies that can enhance tumor-cell death and prevent adaptive resistance. Additionally, a new G12C inhibitor that targets active RAS-GTP is being developed and has shown effectiveness against KRAS-G12C tumor cells with resistance to previous inhibitors.

Even though the inhibition of the RAS pathway, including the MAPK and PI3K pathways, showed poor efficacy after monotherapy, a combinational strategy could be useful to improve efficacy. Patients with KRAS-mutant NSCLC can benefit from immunotherapy, and clinical trials evaluating the efficacy of adoptive cell therapy and cancer vaccines are ongoing.

Agents inhibiting RAS post-translational modifications during development have also been researched. Posttranslational modifications of RAS proteins include palmitoylation and depalmitoylation. Palmitoylation attaches palmitic fatty acids to specific amino acid residues, thereby promoting membrane associations and functionality. Depalmitoylation removes these groups and redistributes RAS proteins to the active membrane sites. Inhibition of depalmitoylation has been proposed to hinder RAS membrane binding and functionality. Other modifications such as phosphorylation, nitrosylation, ubiquitination, and acetylation also regulate RAS localization and function. These modifications are potential targets for the development of anti-RAS drugs; however, their mechanisms of action and therapeutic relevance are still controversial. Further research is required to validate their feasibility and specificity for anticancer therapy (8).

Given the encouraging efficacy of KRAS-G12C allele-specific inhibitors, specific inhibitors may be the most promising therapeutic options. However, in addition to KRAS-G12C, other mutations, such as KRAS-G12D and KRAS-G12V, account for a large proportion of KRAS mutations. Therefore, the development of inhibitors targeting specific RAS mutations to provide personalized medicine may be a future direction. However, according to the presented results, the efficacy of sotorasib differs in NSCLC and colorectal cancer and drug resistance is inevitable (10, 52). In addition, combination therapies involving immunotherapy and other targeted therapies or chemotherapies may be worth exploring. The studies discussed in previous sections have shown promising outcomes when KRAS inhibitors were combined with ICIs or other targeted agents. Further investigations should focus on optimizing the treatment regimens, identifying predictive biomarkers, and understanding the mechanisms underlying the synergistic effects observed in preclinical models. Furthermore, understanding the TME and the role of immune cells in KRAS-mutant cancers is crucial. Exploring the factors influencing immune cell infiltration, activation, and recruitment can help in designing strategies to enhance anti-tumor immune responses. Investigating the mechanisms underlying immunotherapy resistance in KRAS-mutant cancers is an important area for future research. This knowledge can guide the development of novel therapeutic approaches to overcome drug resistance and improve patient outcomes. To address these unresolved issues, developing a comprehensive model that integrates the complex interactions between KRAS signaling, the immune system, and the tumor microenvironment would be valuable. Such a model could help explain the observed heterogeneity in treatment responses and potentially predict personalized treatment regimens and responses. This could also guide the design of clinical trials and treatment strategies. Therefore, exploring combination strategies for patients with distinct tumors is vital.
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MPR Responders MPR responders (n=17)

Pre-treatment scan (Scan 1)

SUVmax 116 (8.7, 16.7) 6.7 (45, 108)

TLR 5.1 (3.9, 6.5) 23 (1.8, 4.0)
Post-treatment scan (Scan 2)

SUVmax 39 (3.1,42) 59 (3.5,8.7)

TLR 17 (14, 1.8) 26 (1.4, 3.9)

The percentage changes (A%) between pre-treatment scan and post-treatment scan
ASUVmax (%) -70.0 (-78.8, -48.8) -217 (-38.8,5.7)
ATLR (%) -67.6 (-78.1, -56.8) -189 (-27.9, 2.6)
Data are medians with interquartile ranges in parentheses.

*Student t test; “Mann-Whitney test
MPR, Major pathological response; SUVmax, Max standard uptake value; TLR, Tumor-to-normal liver standardized uptake value ratio.

0.028*

0.022*

0.053

0.059"

<0.001*

<0.001°
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SUVmax

TLR

ASUVmax (%)

ATLR (%)

mRECIST

mRECIST: CR or PR vs. SD or PD

Pre-treatment scan (Scan 1)

8.14 0.775 0.909 0647 0625
(0.601-0.950) (0.571-0.995) (0.386-0.847) (0.359-0.738)

384 0.791 0.818 0765 0692
(0.621-0.962) (0.478-0.968) (0.498-0.922) (0.389-0.896)

The percentage changes (A%) between pretreatment scan and post-treatment scan

-40.26 0.941 0.909 0.824 0.769
(0.858-1.000) (0.571-0.995) (0.558-0.953) (0.460-0.938)

-46.15 0.989 0.909 1.000 1.000
(0.962-1.000) (0.571-0.995) (0.771-1.000) (0.655-1.000)

- 0.660 0.909 0412 0.500
(0.457-0.864) (0.571-0.995) (0.194-0.665) (0.279-0.721)

0917
(0.598-0.996)

0867
(0.584-977)

0933
(0.660-0.997)

0944
(0.706-0.997)

0.875
(0.467-0.993)

MPR, Major pathological response; AUC, Area under the curve; PPV, Positive predictive value; NPV, Negative predictive value; TLR, Tumor-to-normal liver standardized uptake value ratio.
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Parameter esponders (n=9) on-responders
Pre-treatment scan (Scan 1)
SUVmax 92 (5.5, 10.1) 6.5 (5.2, 12.1)
PLR 36 (19, 3.8) 2.4(19,42)
Post-treatment scan (Scan 2)
SUVmax 22 (20, 24) 2.7 (2.1, 5.0)
PLR 09 (0.8, 1.2) 1.4 (0.9, 2.0)
The percentage changes (A%) between pretreatment scan and post-treatment scan
ASUVmax (%) -76.7 (-79.5, -57.9) -55.9 (-73.2, -32.6)
APLR (%) -67.4 (-79.5, -47.1) 419 (-63.6, -23.2)

0.970*

0.709*

0.147"

0.056*

0.496*

0.210*

Data are medians with interquartile ranges in parentheses.
*Student t test; “Mann-Whitney test
CPR, complete pathological response; SUVmax, Max standard uptake value; PLR, PVTT-to-normal liver standardized uptake value ratio.
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General status

Age 58.0 (51.0-66.0) 58.0 (48.5-61.0) 0.453*
Sex
Male 1 (100%) 13 (77%) 0.132
Female 0 (0%) 4 (23%)
BMI 250 (22.9-25.9) 234 (22.4-25.1) 0.241*
Alcohol abuse 5 (46%) 9 (53%) 0.699
History of liver diseases 0.172
None 1(9%) 3 (17%)
Hepatitis B 10 (91%) 9 (53%)
Hepatitis C 0 (0%) 4 (24%)
Other 0 (0%) 1(6%)
ECOG Performance Status 1.000
0 (100%) 7 (100%)
=1 0 (0%) 0 (0%)
Clinical data
BCLC stage 0.619
B 1(9%) 4 (23.5%)
Cc 0 (91%) 3 (76.5%)
Child-Pugh score 0.701
A5 6 (54.5%) 1 (65%)
A6 5 (45.5%) 6 (35%)
Pre-treatment AFP (ng/mL) 1.000
<400 5 (45.5%) 7 (41%)
>400 6 (54.5%) 10 (59%)
Post-treatment AFP 0.025
Normal 8 (73%) 5 (29%)
Abnormal 3 (27%) 12 (71%)
Treatment times (cycle) 5.0 (5.0-6.0) 4.0 (3.0-5.0) 0.089*
Imaging findings
Tumor diameter (mm) 108.0 (73.0-120.0) 86.0 (54.5-113.5) 0.317*
Cirrhosis 8 (73%) 10 (59%) 0.689
Macroscopic portal vein invasion 6 (54.5%) 11 (65%) 0.701
Extrahepatic metastases 8 (73%) 6 (35%) 0.053
Tumor number 0.025
Single 8 (73%) 5 (29%)
Multiple 3 (27%) 12 (71%)
mRECIST 0.001
CR (73%) 0 (0%)
PR (18%) 0 (59%)
SD 1(9%) 6 (35%)
PD 0 (0%) 1 (6%)
Operation Findings
Strategy of hepatectomy 0.591
Anatomic resection 6 (54.5%) 11 (65%)
Non-anatomic resection 5 (45.5%) 6 (35%)
RO resection 1 (100%) 17 (100%) 1.000
Pathological differentiation
Well = 0
Moderately-Well = 0
Moderately = 1 (65%)
Moderately-Poorly = 5 (29%)
Poorly 2 (18%) 1.(6%)
PD-1 inhibitors 0.840
Pembrolizumab 1(9%) 1(6%)
Sintilimab 9 (82%) 14 (82%)
Tislelizumab 0 (0%) 1(6%)
Toripalimab 1(9%) 1(6%)

*Data are medians with interquartile ranges or numbers of participants with percentages.

*Student t test

BMI, Body mass index; BCLC stage, Barcelona Clinic Liver Cancer stage; ECOG PS, Eastern Cooperative Oncology Group performance status; AFP, Alpha fetoprotein; mRECIST, modified
Response Evaluation Criteria in Solid Tumors; CR, Complete response; PR, Partial response; SD, Stable disease; PD, Progressive disease.
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Patients who were clinically diagnosed with

primary HCC and underwent '*F-FDG PET/CT
from July 2019 to March 2023 (n=782)

(a) Patients older than 18 years and without a history of other malignance;

(b) The diagnosis of HCC was pathologically confirmed by fine-needle biopsy or in accordance

with the clinical diagnosis criteria of the American Association for the Study of Liver Diseases ;

(c) Patients who were diagnosed with unresectable HCC, and conversion therapy (combination
Inclusion criteria of Lenvatinib and PD-1 inhibitors) could be performed after clinical evaluation;

(d) '®F-FDG PET/CT was performed within 2 weeks prior to conversion therapy and within 3

weeks prior to surgery;

(e) No other anti-tumor therapy was given during the treatment using Lenvatinib combined with
PD-1 inhibitors, and the drugs were not terminated or changed during the therapy;

(f) All patients underwent surgery and had definite postoperative pathological diagnosis;

(g) High-quality '8F-FDG PET/CT images that could be used for diagnosis.

Patients enrolled in the study (n=28)
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(A) Top-20 bacteria by treatment effect at genus level

Abundance (%) Effective Ineffective
g:Parabacteroides 11.951 4290
g:Prevotella 5.408 2.961
g:Veillonella ‘ 2.945 1.099
g:Phascolarctobacterium ‘ 3.007 1.249
g:Streptococcus 7.132 5611
g:Acidaminococcus 1.176 0.015
g:Dialister 1.264 0.188
g Turicibacter 0.635 0.038
g:Catenibacterium 0.897 0476
g:Mitsuokella 0409 0.000
g:Porphyromonas 0.045 0292
gice_115 0.039 0.293
Unclassified_ f:Rikenellaceae 1.525 1813
g:Butyricimonas 0575 0.944
g:Serratia 0.028 0.491
gKlebsiella 1.938 2915
gMegamonas 1.776 4111
Unclassified__ f:Enterobacteriaceae 4312 7.351
giLactobacillus 1.434 6377
g:Bacteroides 41.783 49.238

(B) Top-20 bacteria at genus level, by presence/absence of immune-related adverse events (irAEs)

Abundance (%) No irAE With irAE
g:Megamonas 4.951 0.018
g:Prevotella 6.159 2494
g:Parabacteroides 9.809 8.066
I Unclassified_ f:Rikenellaceae 2.339 0.815
g:Streptococcus 7.147 5.848
g:Sutterella 2.143 » 1.201
g:Enterococcus 1.606 0.669
Unclassified_ f:[Barnesiellaceae] 0.737 0.202
giLactobacillus 3.574 3.057
g:Butyricimonas 0.940 0.456
giKlebsiella 2213 2431
g:Coprobacillus 0.105 0360
g:Citrobacter 0.018 0.522
| g:Mitsuokella 0.003 0.543
gTuricibacter 0.030 0.843
1 g:Catenibacterium ‘ 0.340 1.197
g:Acidaminococcus 0.008 1571
gPhascolarctobacterium 1.544 3.249
gVeillonella ‘ 1411 3.197
gBacteroides 39.495 50.665

(C) Top-20 bacteria at genus level, by presence/absence of immune-related adverse events (irAEs) in cases with effective treatment

Abundance (%) Effective without irAE Effective with irAE
gParabacteroides 16.834 9.021
gPrevotella 9.937 2.691
gMegamonas 4711 0015
g:Enterococcus 2.488 0310
gStreptococcus ‘ 8.127 6.536
Unclassified_ f:Rikenellaceae 2509 ' 0.935
gSutterella 2.506 » 1.197
gDialister ‘ 2.069 0.781
Unclassified_ f:[Barnesiellaceae] 1.068 0.224
gBifidobacterium 1.296 0.555
g:Citrobacter 0.000 0.621
gMitsuokella 0.006 0.651
gTuricibacter 0.025 » 1.000
gPhascolarctobacterium 2171 3.508
g:Catenibacterium 0.000 1436
g:Acidaminococcus 0.000 1.881
g Veillonella 1.606 3749
gKlebsiella 0305 2917
Unclassified_ f:Enterobacteriaceae 1.571 5.956

g:Bacteroides 33.174 46.948
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(A) Top-20 bacteria at genus level, in descending order of P
value by treatment response

Efective p-value
g:Catenibacterium 0.022
g Turicibacter 0.049
g:Parabacteroides 0.068
g:Acidaminococcus 0.113
g5-7N15 0.168
gAcidovorax 0.168
Unclassified_ f:Streptococcaceae 0.168
g:Streptococcus 0.235
g:Veillonella 0.262
g:Bulleidia 0.278
g:Mitsuokella 0.278
g Trabulsiella 0.278
Unclassified_ f:Peptococcaceae 0.278
Unclassified_ f:Comamonadaceae 0.338
Unclassified_ f:Veillonellaceae 0.338
g:Haemophilus 0.382
g:Phascolarctobacterium 0.392
g:Leuconostoc 0.421
g:Abiotrophia 0.476
g:Clostridium 0.476

(B) Top-20 bacteria at genus level, in descending order of P
value by treatment non-response

Ineffective p-value
Unclassified_ o:Clostridiales 0.018
g:Desulfovibrio 0.033
g:Fusobacterium 0.077
gircd-4 0.077
V gLactococcus 0.130
Unclassified_ f:Enterobacteriaceae 0.134
g:Butyrivibrio 0.235
g:Erwinia 0.235
g:Faecalibacterium 0.235
gLachnospira 0.235
g:Peptococcus 0.235
g:Proteus 0.235
g:Pseudomonas 0.235
g:Selenomonas 0.235
Unclassified_ f:Leuconostocaceae 0.235
Unclassified_ o:Burkholderiales 0.235
g:Serratia 0.265
g:Megamonas 0.335
g:Ruminococcus 0.353
g:Bacteroides 0.363

(C) Top-20 bacteria at genus level, in decreasing order of P
value by absence of immune-related adverse events (irAEs)C

No irAE p-value
g:Blautia 0.013
Unclassified__ o:Clostridiales 0.027
gBilophila 0.053
Unclassified_ o:RF39 0.054
Unclassified__ f:Rikenellaceae 0.067
g:Desulfovibrio 0.070
gSutterella 0.094
Unclassified_ f:[Barnesiellaceae] 0.109
g:Streptococcus 0.172
g:Bulleidia 0.200
g:CF231 0.200
g:Fusobacterium 0.200
g:Herbaspirillum 0.200
gircd-4 0.200
Unclassified_ f:Desulfovibrionaceae 0.200
Unclassified_ 0:ML615]-28 0.200
g:Parabacteroides 0.297
g:Enterococcus 0.321
g:Dialister 0.357
g:Megamonas 0.362

(D) Top-20 bacteria at genus level, in decreasing order of P
value by presence of immune-related adverse events (irAEs)

With irAE

p-value

g:Acidaminococcus 0.001
g Turicibacter 0.001
Unclassified_ f:Comamonadaceae 0.078
Unclassified_ f:Veillonellaceae 0.092
g:Coprobacillus 0.093
g:Citrobacter 0.108
g:Adlercreutzia 0.133
g:Enhydrobacter 0.133
g:Stenotrophomonas 0.133
Unclassified_ f:Peptococcaceae 0.133
Unclassified__ o:Lactobacillales 0.133
g:Bacteroides 0.144
g:Catenibacterium 0.163
g:Veillonella 0.211
g:Granulicatella 0.251
g:Abiotrophia 0315
g:Clostridium 0315
g:Dysgonomonas 0.315
g:Halomonas 0.315
g:Oxalobacter 0.31587

(E) Top-20 bacteria at genus level, in order of decreasing P-
value by absence of immune-related adverse events (irAEs) in
cases showing effective treatment response to anti-PD-1

antibody
Effective without irAE p-value
g:Blautia ‘ 0.021
g:Bilophila 0.033
g:Bulleidia 0.073
Unclassified_ 0:RF39 0.073
Unclassified_ f:[Barnesiellaceae] 0.137
g:Sutterella 0.173
I Unclassified_ o:Clostridiales 0.232
g:CF231 0.245
g:Corynebacterium 0.245
g:Curvibacter 7 0.245
g:Epulopiscium 0.245
gGemella 0.245
g:Gluconacetobacter 0.245
g:Herbaspirillum 0.245
g Lautropia 0.245
g Weissella 0.245
Unclassified_ f:Bifidobacteriaceae 0.245
Unclassified_ f:Desulfovibrionaceae ‘ 0.245
Unclassified_ f:Peptostreptococcaceae 0.245
Unclassified__ o:Bacillales 0.245

(F) Top-20 bacteria at genus level, in order of decreasing P-
value by presence of immune-related adverse events (irAEs) in
cases showing effective treatment response to anti-PD-1

antibody

Effective with irAE

p-value

g:Acidaminococcus 0.001
g Turicibacter 0.001
Unclassified_ f:Comamonadaceae 0.078
Unclassified_ f:Veillonellaceae 0.092
g:Coprobacillus 0.093
g:Citrobacter 0.108
g:Adlercreutzia 0.133
g:Enhydrobacter 0.133
g:Stenotrophomonas 0.133
Unclassified_ f:Peptococcaceae 0.133
Unclassified_ o:Lactobacillales 0.133
g:Bacteroides 0.144
g:Catenibacterium 0.163
g:Veillonella 0.211
g:Granulicatella 0.251
g:Abiotrophia 0315
g:Clostridium 0315
g:Dysgonomonas 0.315
g:Halomonas 0.315
g:Oxalobacter 0.315

Statistical analyses were performed by the Mann-Whitney U-test between two groups.
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Variable Value

Age,y
Median 63

Range 23-79

Gender, n (%)

Male 10(36)

Female 18(64)
WBC, x10A9/L

Median 54.45

Range 3.6-361

PB blasts (%)

Median 65
Range 12-94
Absolute blasts count, x10A9/L

Median 27.59

Range 0.71-315.88

Cytogenetics*, n (%)

Favorable 2(7)
Intermediate 16(57)
Adverse 10(36)

WBC, white blood cell; PB, peripheral blood.
*Risk stratification is per 2022 ELN risk classification by genetics at initial diagnosis (23).
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Univariate analysis Multivariate analysis

Variables HR (95% Cl) HR (95% CI)

Age 3.034 (1.094-9.691) 0.041* 4.856 (1.244-23.10) 0.031*
(>60 vs.<60)

PDL-1 TPS 2.891 (1.024-7.849) 0.037* 2.019 (0.679-5.728) 0.188

(Positive vs. Negative)

Liver Metastasis 4.199 (1.310-13.38) 0.013* 2.351 (0.607-8.938) 0.204
(Absent vs. Present)

CEA 0.357 (0.129-0.984) 0.042* 0.183 (0.04-0.65) 0.012*
(High vs. Low)
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Patient Characteristics Patients Responders (R) Non-Responders (NR) Association analysis

n=31 (%) n=15 (%) n=16 (%) R. vs. NR (p value)

Age in years (Median, range) 59 (40-80)
<60 16 (52) 5(33) 11 (69) 0.756
>60 15 (48) 10 (67) 5(31)
Gender
Male 26 (84) 12 (80) 14 (88) 0.6539
Female 5 (16) 3 (20) 2(12)
Ethnicity
Arabs 14 (45) 8(53) 6 (38) 0.4795
Non-Arabs 17 (55) 7 (47) 10 (62)
Smoking history
Never 10 (32) 6 (40) 4 (25) 04578
Current/Former 21 (68) 9 (60) 12 (75)
Histology
Adenocarcinoma 27 (87) 13 (87) 14 (88) 0.999
Squamous cell carcinoma 4 (13) 2(13) 2(12)
Stages

[ Stage 3 7(23) 6 (40) 1.(6) ] 0.0373%
Stage 4 24 (77) 9 (60) 15 (94)

Differentiation status

Well differentiated 10 (32) 4(27) 5(31) 0.999

Poorly differentiated 21 (68) 11 (73) 11 (69)

ECOG PS

0-1 I 26 (84) T 13 (87) 1 13 (81) I 0.999
[ >2 5(16) 2(13) 3(19)

Genetic alterations

EGFR

Wild type 28 (90) 14 (100) 14 (88) 0.999
Mutated 1(3) = 1(6)

Unknown 2(7) = 2(12)

ALK ) )

Wild type 27 (87) 14 (93) 13 (81) 0451
Mutated 1(3) 1(7) -

Unknown 3 (10) = 319

ERBB3

Wild type 28 (90) 14 (93) 14 (88) 0.999
Mutated 3(10) 1(7) 2(12)

KRAS

Wild type 28 (90) 13 (87) 15 (94) 0.5996
Mutated 3(10) 2(13) 1(6)

PDL-1 TPS

Negative 8(26) 1(7) 7 (44)

TPD-L1 Positive < 50% 6 (26) 3(21) 3(33)

TPD-L1Positive >50% 17 (74) 11(79) 6 (66) 0.6430
Brain metastasis 17 (74)

Present 15 (48) 8(53) 7 (44) 0.7244
Absent 16 (52) 7 (47) 9 (56)

Liver Metastasis

Present 7(23) 1(7) 6 (38) 0.0829
Absent 24 (77) 14 (93) 10 (62)

Pulmonary Metastasis

Present 21 (68) 8 (53) 13 (81) 0.1351
Absent 10 (32) 7 (47) 3(19)

Previous history of radiotherapy

Yes 14 (45) 9 (60%) 8 (50) 0.7224
No 17 (55) 6 (40%) 8 (50)

Previous lines of chemotherapy

0 8(26) 5(33%) 3(19) 04331
>1 23 (74) 10 (66%) 13 (81)

Treatment type

Anti-PD-1 (Pembrolizumab/Nivolumab) 15 6 (40) 9 (56) 0.2059
Anti-PD-L1(Durvalumab) 3(10) 3(20) 0(0)

Chemoimmunotherapy 13 (42) 6 (40) 7 (44) 0.999 (anti-PD-1)
(Pembrolizumab+Carboplatin+Pemetrexed) 0.2125 (anti-PD-L1)

ECOG PS, Eastern Cooperative Oncology Group performance status; EGER, Epidermal Growth factor receptor; ALK, Anaplastic lymphoma kinase; ERBB3, Erb-b2 receptor tyrosine kinase 3;
KRAS, Kirsten rat sarcoma viral oncogene homolog; PD-L1, programmed death-ligand 1; PD-1, Programmed cell death Protein 1; TPS, Tumor Proportion score.
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Predicted Standard error P- Oddsratio  95%Cl

HLA allele
score value
HLA-DQBI1*04:01 (completely in linkage disequilibrium with HLA- 0.755 0333 0.023 4.53 1.22-16.7
DRBI*04:05)
HLA-DPBI*05:01 0.647 0.268 0.016 3.65 1.27-
10.44

95%CI: 95% confidence intervals.
P values less than 0.05 are shown in bold.
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Amino acid Compared  Predicted Test statistics P- Selection = Standa Odds = 95%
position chain acid amino acid score by Wald value error ratio (@]
method
9 HLA-  KandE w 0 0.044 0.833
DRI
9 HLA- K E 0 0.070 0.965
DRB1
57 HLA-  AandS Vand D 0 1.369 0.242
DRB1
57 HLA- A § 0 2479 0.290
DRI
57 HLA-  V D 0 0.109 0.947
DRI
86 HLA- G \4 0556 2.499 0.114 Selected 0352 3.039 | 0.765-
DRB1 12.061
96 HLA- Y and H Qand E 0.924 2919 0.088 Selected 0.541 2.519 0.873-
DRI 7.269
9 HLA- Y H 0 1.219 0.270
DRI
96 HLA-  Q E 0 0.485 0.486
DRB1
53-84-85-89-140- | HLA-  L-QLT-  QEV-G-A- 0 0213 0.644
181-182-220-221 | DQBI  T-QN-H-  Q$RQ
H
56 HLA- L P 0 0.415 0.519
DQBL
70 HLA- E Rand G 0 0415 0.519
DQBL
70 HLA- R G 0 0.002 0.999
DQBL
203 HLA- 1 v 0 0.445 0.505
DQP1
35 HLA- L Fand Y 0 2348 0.125
DPBL
35 HLA- F b'd 0 0.019 0.991
DPB1
55 HLA- E Dand A 0 1.440 0230
DPB1
55 HLA- D A 0 2.583 0.275
DPB1
84-85-86-87-96- | HLA-  D-E-A-V-  G-G-P-M-R-T 0 0.709 0.400
170 DPR1 K-
205 HLA- M v 0.69 6.001 0.014* Selected 0.282 3976 1318-
DPP1 11.998

K, Lysine; E, Glutamic acid; A, Alanine; S, Serine; V, Valine; G, Glycine; Y, Tyrosine; H, Histidine;

Q, Glutamine; L, Leucine; R, Arginine; I, Isoleucine; F, Phenylalanine; D, Aspartic acid;

M, Methionine; W, Tryptophan; P, Proline; T, Threonine; N, Asparagine; C, Cysteine.

A stepwise selection (cut-off P value at 0.2) of covariate amino acid residues is shown.

*B205 at HLA-DPP1 was found to be significant (P=0.014, sensitivity 0.75, specificity 0.73, and Area Under the Curve, 0.782)
95%CI: 95% confidence intervals.
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Predicted binding In vitro binding score ANK note ~ REVEAL score note = References

score (shown as % (shown as REVEAL
RANK) score)

ID  Position Amino acid sequences of synthesized peptides DP15 DP5 DP15 DP5
1 15 (M [A|L |W|M[R|L|L [P |L|L |[A|L|L|A 217 7622 161 61
2 72 [L |L|P|L |L AL |L|A|L |W|G|P|D]|P 7314 9269 04 04
3 ‘1327 L L AL W G|P D P A A A F V N 4491 6268 [ 02
4 193 P D P A A A|F V N Q H L C| G S 4154 6313 0 0
5 *253% |F |V |N|Q |H|L|C|G|s H|L |V|E|A|L 8217 875 03 02
6 2943 H|L C|G|S |H L |V|E A|L|Y|L | V|C 6342 95 142 46 Cluster 1
7 347 |s [H|L |V |[E |[A|L|Y|[L|V|C|G|E|R|G 3396 8096 9.1 36 (9)
8 =751 E A L Y |L V C| G|E R G|F F Y T 6791 7554 173 89
9 425 vV C G E | R G F F|Y T P |K T R R 3228 2009 374 268 B
0 45 C G E R G F F Y T P K T R R 1081 a2 172 95 B
nu 48 G E R|G F F|Y T P K T R R E A 162 143 04 02 B
12 ™55 E | R G F F Y|T|P K T |R|R E| A E 337 07 0 0 B
13 4660 R G F F Y T P K T R R E A E D 596 374 0 0 B
4 4760 G F F Y T P K T R R E|A E | D L 1623 1552 0 0 B
15 362 |F F|Y|T |P |K|T|R|R|E A |E|D|L|Q 5027 4979 0 0 B
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17 | *s064 Y T P|K T R|R E A E DL Q|V G 5566 2685 0 0 B
18 sles T P K T R R E A E D L Q V G Q 4239 781 0 03 i
19 5266 P K T R R E A E D L Q V G Q V 3806 525 0 o1 B
20 s+ K T R R E A E D L Q V| G Q| V E 3572 426 0 0 B
21 s466 T R R E A E D L Q|V G| Q V| E L 5552 2395 0 0 B
2| "7 |[E |D|L|Q |V |6|Q|V|E|L |G |G|[G|P |G 4597 703 0 0
22 47 G Q V E|L G G| G|P |G A |G| s |L|Q 9437 95 0 0
24 ‘98 G G G P G A G S L Q P L A L E 7782 8431 0 0
25| 748 (A |G|S|L Q@ |P|L|A|L[E|G |5 |L|Q|K 3667 2936 0 0 B
2% | 758 G s L Q|P L A|L|E|G|S L Q|K]|R 352 1052 0 o1 B
27| *7690 |s |L|Q|P |L |A|L|E|G|[s|L |Q R G 2448 507 0 0 B
28| 7791 (L |Q|P|L (A |L|E|G|s|[L|Q|K|R|G]|I 2662 524 0 0 B
9 7892 Q P L A|L E G|S|L Q K|R|G|I |V 4333 938 0 o1 B
% 99 P L AL E G S L QK R |G I |V E 65.94 3794 0 0 B
31| "898 (G |s |L|Q|K|R|G|[I |[V|E|Q|C|C|T]|s 9103 8688 L 05 Cluster 2
32 *s8102 K R G I V E Q C C T s I C s L 9491 917 163 99 (20)
33| w2106 |V |E|Q|c |c |T|s |1 |c|s|L |¥Y|aQL |E 95 95 15 05
34| w610 (C |T s |1 |c|s|L|Y|Q|L|E|N|Y|C|N 95 9428 10.1 26

Core 9 amino acids in the prediction for HLA-DP5 are shown in bold.
SB, strong binders for HLA-DP5: %RANK<5; IB, intermediate binder for HLA-DPS: %RANK was between 5 t0 50.
K, Lysine; E, Glutamic acid; A, Alanine; S, Serine; V., Valine; G, Glycine; Y, Tyrosine; H, Histidine;

Q Glutamine; L, Leucine; R, Arginine; I, Isoleucine; F, Phenylalanine; D, Aspartic acid; M, Methionine;

W, Tryptophan; P, Proline; T, Threonine; N, Asparagine; C, Cysteine

Peptide numbers within B chain (AA25-54) and A chain (AA90-110) are shown in bold lines.
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ICI-T1IDM ICI-Controls *1Controls ICI-T1DM vs general controls ICI-T1DM vs ICl-controls ICl-controls vs general

(N=24) (N=70) (N=1483) controls
F (%) F (%) F (%) *2/PR 3/ Pc MINOR 95% Cl *2P | *3Pc | OR 95% Cl 2P OR 95%Cl

DQB1*03:01 4 16.7 6 8.6 11.43 NS NS NS
DQB1*03:02 2 1 83 10 143 9.59 NS NS NS |
DQB1*03:03 4 16.7 11 15.7 15.54 NS NS NS [
DQB1*04:01 8 333 5 7.1 129 0.03 NS 334 1.26-9.20  0.003  0.033  6.50 1.95-21.60 NS
DQB1*04:02 0 0.0 4 57 421 NS NS NS
DQB1*05:01 0 0.0 5 7.1 6.58 NS ‘ NS NS
DQBI1*05:02 0 0.0 1 14 2.64 NS NS NS
DQB1*05:03 1 4.2 3 43 3.94 NS NS NS
DQB1*06:01 4 16.7 11 15.7 19.08 NS NS ‘ NS
DQB1*06:02 0 0.0 8 114 7.15 NS ‘ NS NS
DQB1*06:04 1 4.2 6 8.6 5.18 NS NS NS |
Others 0 0 0 0.0 1.76 NS NS NS |
total 24 100.00 70 100.00 100.00 |

Alleles with frequencies more than 1.0% in controls were included to the analysis (11 alleles). N, n, number of the alleles.

F, frequency of the allele; OR, odds ratio; CI, confidence interval; NS, not significant.

P values less than 0.05 are shown in bold.

*1 General control subjects: Japanese Society for Histocompatibility and Immunogenetics: http://jshi.umin.acjp/standarization/file/]SHI-hyokiallele-2022list.pdf ;JSHI2022 ref (12).
http://jshi.umin.acjp/standarization/file/JSHI-hyokiallele-2022list.pdf

*2 Each allele frequency was analyzed using Fisher’s exact test with 2 x2 contingency tables.

*3 Pc: Bonferroni correction.

95%CI: 95% confidence intervals.
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ICI-T1DM (N=24) ICI-Controls (N= *1Controls ICI-T1DM vs general controls IC-T1DM vs ICl-controls ICl-controls vs

(N=1483) general controls

F (%) F (%) F (%) *3 Pc OR 95% CI 95% Cl * OR 95% Cl
DPBI1*02:01 5 125 17 243 2411 NS NS NS
DPBI1%02:02 0 00 6 86 341 NS NS NS
DPB103:01 0 00 6 86 398 NS NS NS
DPB104:01 0 00 6 86 506 NS NS NS
DPB1*04:02 1 42 7 10.0 9.78 Ns NS NS
DPBI*05:01 17 70.8 24 343 384 0005 = NS | 396  154-1018 | 0.004 004 466  173-1248 NS
DPBI*09:01 1 42 2 29 9.95 NS ‘ NS NS
DPBI*13:01 0 0.0 1 14 1.96 NS NS NS
DPBI*14:01 1 42 1 14 148 NS NS NS
DPBI*19:01 1 42 0 0.0 074 NS NS NS
Others 0 0.0 0 00 113 NS NS NS
total 24 100.00 70 100.00 100.00

Alleles with frequencies more than 1.0% in controls were included to the analysis (10 alleles). N, n, number of the alleles.

F, frequency of the allele; OR, odds ratio; CI, confidence interval; NS, not significant.

P values less than 0.05 are shown in bold.

*1 General control subjects: Japanese Society for Histocompatibility and Immunogenetics: http://jshi.umin.acjp/standarization/file/JSHI-hyokiallele-2022list.pdf JJSHI2022 ref (12).
htp://jshi.umin.ac.jp/standarization/file/JSHI- hyokiallele-2022list. pdf

*2 Each allele frequency was analyzed using Fisher’s exact test with 2 x2 contingency tables.

*3 Pc: Bonferroni correction.

95%ClI: 95% confidence intervals.
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Haplotype ICI-TIDM  ICI-Controls ~ *1Controls ICI-T1DM vs general ICI-T1DM vs ICl-controls ICl-controls vs

(N=70) (N=2992) controls general controls
DRB1- F (%) F (%) =2 PRl =3 N OR N 95% P *3 [OR | 95% | *2 | OR | 95%
DQB1 Pe (@ PG cl P (@]
010170501 0 00 4 5.7 605 NS NS NS
010170503 0 00 1 14 0.00 NS NS NS
*04:01-503:01 0 0.0 0 0.0 1.00 NS NS NS
04:03-403:02 | 0 00 5 7.1 267 NS NS NS
“0405*0401 8 333 5 7.1 12.83 0026 NS 367  133- 0003 NS 620 195 NS

10.19 21.60

“04:06-403:02 | 1 42 3 43 314 NS NS NS
“04:10-404:02 | 0 00 2 29 1.84 NS NS NS
08:02-403:02 1 42 2 2.9 251 NS NS NS
08:02-404:02 | 0 00 2 2.9 234 NS NS NS
080370601 3 125 5 7.1 8.16 NS | NS I NS
090140303 4 167 8 114 1447 NS NS ‘ NS
100140501 0 00 1 14 0.50 NS NS NS
“1101-403:01 | 2 83 1 14 274 NS NS NS
“1101-403:03 | 0 0.0 1 14 0.07 NS NS NS
*11:06-403:01 | 0 00 1 14 0.00 NS NS NS
*12:01-403:01 I 1 42 4 5.7 261 NS 7 NS ‘ NS
*12:01-403:03 | 0 00 1 14 084 NS NS NS
12:02-403:01 | 0 00 0 0.0 1.87 NS NS NS
*13:02-°06:04 1 42 6 86 5.8 NS NS NS
140340301 | 1 42 1 14 1.20 NS NS NS
140540503 | 0 00 2 2.9 197 NS NS NS
140640301 | 0 00 0 0.0 124 NS NS NS
145410502 0 00 0 0.0 164 NS NS NS
145440503 | 1 42 0 0.0 194 NS NS NS
1501-406:02 | 0 0.0 9 129 7.15 NS NS NS
*15:02-406:01 1 42 5 7.1 10.86 NS NS NS
*16:02-405:02 | 0 | 00 1 14 j 077 NS [ NS [ NS
Others 0 00 0 0.0 441 NS NS NS
total 2410000 70 10000 100.00

Haplotypes with frequencies more than 1.0% in controls were included to the analysis (27 haplotypes). N, n, number of the haplotypes.
*1 Control subjets: HLA LABORATORY, Japan INC: http:/hla.orjp/med/frequency_search/ja/haplo/ ref (11).

*2 Each haplotype frequency was analyzed using Fisher's exact test with 2 x2 contingency tables.

*3 Pc: Bonferroni correction.

F, frequency of the haplotype; NS, not significant.

P values less than 0.05 are shown in bold.

95%CI: 95% confidence intervals.
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Haplotype ICI-TIDM  ICI-Controls ~ *1Controls ICI-T1DM vs ICI-T1DM vs ICl-controls ICl-controls vs
(N=24) (N=70) (N=2938) general controls general controls

DRB1- 6 P | *3 | OR | 95% P | *3 | OR | 95% | *2' [OR | 95%
DQB1-DPB1 Pc a Pc (@] P cl
*15:02-*06:01- 1 42 2 286 888 NS NS NS
*09:01
*04:05-*04:01- 7 | 292 3 429 732 0006 NS | 547 177-  0.002 NS | 920 231- NS
*05:01 17.04 36.13
*09:01-%03:03- 2 83 4 571 677 NS NS NS
*05:01
*09:01-*03:03- 1 42 1 143 528 NS NS NS
*02:01
*01:01-%05:01- 0 00 4 571 408 NS NS NS
*04:02
*13:02-*06:04- 0 0.0 5 7.14 3.68 NS NS NS
*04:01
*08:03-*06:01- 3 125 3 429 3.54 NS NS NS
*05:01
*15:01-*06:02- 0 00 2 2.86 3.06 NS NS NS
*02:01
*15:01-%06:02- 0 00 3 429 3.03 NS NS NS
*05:01
*04:05-*04:01- 0 0.0 0 0.00 228 NS NS NS
*02:01
*08:03-*06:01- 0 00 0 0.00 191 NS NS NS
*02:01
*08:02-*03:02- 1 42 2 2.86 1.84 NS NS NS
*05:01
*08:03-*06:01- 0 00 2 286 1.60 NS NS NS
*02:02
*04:05-*04:01- 0 00 0 0.00 153 NS NS NS
*04:02
*12:01-403:01- 1 42 0 0.00 143 NS NS NS
*05:01
*04:06-*03:02- 1 42 2 2.86 133 NS NS NS
*02:01
*04:06-*03:02- 0 00 1 143 112 NS NS NS
*05:01
*12:02-403:01- 0 0.0 1 143 1.09 NS NS NS
*05:01
“11:01-403:01- 0 00 1 143 1.06 NS NS NS
*05:01
*01:01-*05:01- 0 00 1 143 1.02 NS NS NS
*05:01
*04:03-*03:02- 0 00 1 143 1.02 NS NS NS
*02:01
*11:01-03:01- 1 42 0 0.00 099 NS NS NS
*02:01
*14:03-403:01- 1 42 1 143 095 NS NS NS
*05:01
*15:02-*06:01- 0 00 3 429 092 NS NS NS
*02:01
*14:54-405:03- 1 42 0 0.00 0.85 NS NS NS
*05:01
*04:05-*04:01- 0 00 1 143 0.75 NS NS NS
*03:01
*12:01-%03:03- 0 0.0 1 143 0.75 NS NS NS
*05:01
*15:02-*06:01- 0 00 1 143 0.72 NS NS NS
*05:01
*09:01-%03:03- 1 42 2 2.86 0.65 NS NS NS
“04:02
*14:05-*05:03- 0 00 2 2.86 0.65 NS NS NS
*02:01
*08:02-*04:02- 0 0.0 1 143 0.58 NS NS NS
*05:01
*04:10-*04:02- 0 00 2 2.86 0.55 NS NS NS
*03:01
*08:02-%04:02- 0 00 1 143 0.51 NS NS NS
*02:01
*15:01-*06:02- 0 00 1 143 0.44 NS NS NS
*13:01
*12:02-*03:01- 0 0.0 1 143 037 NS NS NS
*02:01
*04:05-*04:01- 1 42 0 0.00 037 NS NS NS
“19:01
*13:02-%06:04- 1 42 0 0.00 0.36 NS NS NS
*05:01
*04:03-103:02- 0 00 1 143 034 NS NS NS
*03:01
*16:02-*05:02- 0 0.0 1 143 031 NS NS NS
*02:02
*12:01-403:01- 0 00 1 143 031 NS NS NS
*02:01
*15:01-*06:02- 0 00 1 143 027 NS NS NS
*03:01
*09:01-*03:03- 0 00 1 143 0.24 NS NS NS
*02:02
*10:01-*05:01- 0 0.0 1 143 024 NS NS NS
*02:01
*04:05-*04:01- 0 00 1 143 017 NS NS NS
*02:02

I
*04:03-403:02- 0 00 1 143 0.14 NS NS NS
“04:02

|
*04:05-*04:01- 0 00 0 0.00 0.10 NS NS NS
“14:01
*15:01-%06:02- 0 0.0 1 143 0.07 NS NS NS
*04:01
*04:03-%03:02- 0 0.0 1 143 0.03 NS NS NS
*02:02
*12:01-%03:03- 0 0.0 1 143 0.03 NS NS NS
*02:01
*13:02-%06:04- 0 0.0 1 143 0.03 NS NS NS
*03:01
“11:01-%03:03- 1 42 1 143 0.03 NS NS NS
*14:01
*01:01%05:03- 0 0.0 1 143 0.00 NS NS NS
*05:01
*11:06-*03:01- 0 0.0 1 143 0.00 NS NS NS
*05:01
Others 0 0.0 0 0.00 24.40 NS NS NS
total 2410000 70 | 100.00 100.00

Haplotypes with frequencies more than 1.0% in controls were included to the analysis (53 haplotypes). N, n, number of the haplotypes.
*1 Control subjets: HLA LABORATORY, Japan INC: http://hla.orjp/med/frequency_search/ja/haplo/ ref (11).

*2 Each haplotype frequency was analyzed using Fisher’s exact test with 2 x2 contingency tables.
*3 Pc: Bonferroni correction.

F, frequency of the haplotype; NS, not significant.

P values less than 0.05 are shown in bold.

95%CI: 95% confidence intervals.
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ICI-TIDM  ICI-Controls *1Controls ICI-T1DM vs ICI-T1DM vs ICl-controls ICl-controls vs

(N=24) (N=70) (N=618644) general controls general controls

n  F(%) F (%) F (%) ; OR  95%  * 95% 2 OR 95%
(@ a P @]
DRBI*01:01 0 0.0 5 7.1 565 NS NS NS
DRBI*0401 = 0 0.0 v 0 00 1.03 NS NS NS
DRBI*0403 0 0.0 5 7.1 313 NS NS NS
DRBI*0405 8 333 5 7.1 13.41 003 NS | 334 126- | 0003 NS 650 195 NS
9.20 21.60
DRBI*0406 1 42 3 43 328 NS | | NS NS
DRBI*0410 0 0.0 2 29 212 NS NS NS
DRBI*08:02 1 42 4 57 429 NS NS NS
DRBI*08:03 3 125 5 7.1 7.93 NS ‘ NS NS
DRBI*09:01 4 167 8 114 146 NS NS NS
DRBI*10:01 0 0.0 1 14 048 NS NS ‘ NS
DRBI*11:01 2 83 2 29 249 NS | NS NS
DRBI*11:06 0 0.0 1 14 0.002 NS NS NS
DRBI*1201 1 42 3 43 3.68 NS NS NS
DRBI*12:02 0 0.0 2 29 169 NS | NS NS
DRBI*13:02 1 42 6 86 634 NS NS NS
DRBI*14:03 1 42 1 14 163 NS NS NS
DRBI*14:05 0 0.0 2 29 214 NS NS NS
DRBI*14:06 0 0.0 0 00 1.54 NS NS NS
DRBI*14:54 1 42 0 00 349 NS NS NS
DRBI*15:01 0 0.0 8 114 7.88 NS NS NS
DRBI*15:02 1 42 6 86 1027 NS NS NS
DRBI*16:02 0 0.0 1 14 0.82 NS NS NS
Others 0 0.0 0 00 211 NS NS NS
total 2410000 70 100.00 100.00

Alleles with frequencies more than 1.0% in controls were included to the analysis (22 alleles). N, n, number of the alleles.

F, frequency of the allele; OR, odds ratio; CI, confidence interval; NS, not significant.

P values less than 0.05 are shown in bold.

*1 General control subjects: Japanese Society for Histocompatibility and Immunogenetics: http://jshi.umin.acjp/standarization/file/]SHI-hyokiallele-2022list.pdf ;JSHI2022 ref (12).
http:/jshi.umin.ac.jp/standarization/file/JSHI-hyokiallele-2022list.pdf

*2 Each allele frequency was analyzed using Fisher’s exact test with 2 x2 contingency tables.

*3 Pc: Bonferroni correction.

95%CI: 95% confidence intervals.
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No-severe CRS Severe CR!

Ferritin 0.1063
> 920 ng/mL (n = 27) 21 (78%) 6 (22%)
<920 ng/mL (n = 82) 74 (90%) 8 (10%)

C-reactive protein ‘ 0.329
>20.3 mg/L (n = 27) 22 (81%) 5 (19%)
<203 mg/L (n = 82) 73 (89%) 9 (11%)

Interleukin-6 0.0405
> 14.1 pg/mL (n = 27) 20 (74%) 7 (26%)
< 14.1 pg/mL (n = 82) 75 (91%) 7 (9%)

Severe CRS defined as grade 3 or higher CRS.
'wo-sided P values were calculated using the Fisher’s exact test.
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Variable Overall (N = 109)
Age, years, median (range) 57 (30 - 72)
Gender, Male, n (%) 64 (59%)
Extramedullary disease, n (%) 32 (29%)
MM type, n (%)

1gG 47 (43%)

IgA 22 (20%)

IgD 8 (7%)

Light chain 28 (26%)

Nonsecretory 4 (4%)
High-risk cytogenetics*, n (%) 22 (20%)
R-ISS, n (%)

Stage I + 11 72 (66%)

Stage IIT 37 (34%)
High tumor burden', n (%) 27 (25%)
Prior lines of therapy, median (range) 4(1-17)
Prior ASCT, n (%) 31 (28%)
CAR construct, n (%)

CD19 + BCMA 66 (61%)

BCMA 43 (39%)
Pre-infusion ferritin, ng/mL, median (range) 469.2 (14.6 - 5000)
Pre-infusion CRP, mg/L, median (range) 5(0.2 - 241.7)
Pre-infusion IL-6, pg/mL, median (range) 7.6 (1 - 60)
Pre-LD LDH, U/L, median (range) 205 (110 - 2101)
Pre-LD B2-MG, ng/ml, median (range) 2970 (838 - 20000)
Pre-LD albumin, g/L, median (range) 39.3 (22.1 - 60.1)

*High-risk: presence of del(17p) and/or translocation t (4;14) and/or translocation t (14;16).
fHigh tumor burden: defined as > 50% clonal plasma cells or bone marrow plasma cells.
R-ISS, revised - international staging system; ASCT, autologous hematopoietic stem cell
transplantation; CRP, c-reactive protein; IL-6, interleukin-6; Pre-LD, pre - lymphodepletion;
LDH, lactate dehydrogenase; B2-MG, beta-2 microglobulin.
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Progression-free survival (PFS) Overall survival (OS)

Univariate Multivariate Univariate Multivariate
HR (95% Cl) HR (95% Cl) HR (95% Cl) 2 HR (95% Cl)
Age, 0.9689 (0.519 — 0.920
8e, >60 years 0.888 (0548 - 144) | 0.6301 9683 (0519 9209
1.808)
Gender, male 1117 (0.699 - 0.644 1.059 (0.590 - 1.901)  0.8482
1.783)
Prior lines of therapy, = 6 1.359 (0.802 ~ 0.2541 1.317 (0.687 - 2.524)  0.4069
2.305)
MM type, Light chain 1.456 (0.839 — 0.182 2.165 (1.075- 4.36) 00305 1.909 (0.915 - 0.085
2.528) 3.983)
Extramedullary disease 1.788 (103 - 3.103)  0.039 2727 (1347 - 5.519)  0.0053 2077 (1.015 - 0.046
4251)
Cytogenetics, high-risk 167 (0.88 - 3.168)  0.1167 1614 (0.749 - 3.48) 02218
High tumor burden 3.456 (1.867 — < 2512 (1408 - 0002 | 268 (1.315 - 5463) | 0.0067 2249 (1.091 - 0.028
6399) 0.0001 448) 4.637)
Pre-LD LDH, > ULN 1.252 (0.7771 - 03555 0.9592 (0.5322 — 0.8896
2018) 1.729)
Pre-LD B2-MG, > 5500ng/ml 1.295 (0.7013 - 04083 2386 (1.121 - 5078) | 0.024
2.393)
Pre-LD serum albumin, < 35 g/~ 143 (0.847 - 2415)  0.1806 139 (07329 - 2637) | 03132
L
R-ISS, stage I 1.159 (0.709 — 05562 1.266 (0.691 - 2.318)  0.4459
1.893)
InPI <0.0001 0.009 <0.0001 0.01
good Ref. Ref. Ref. Ref.
intermediate 1.367 (0.813 - 0238 1.095 (0.608 — 0762 | 2.102 (1.106 - 3.996) | 0.023 1412 (0.672 - 0.362
2.298) 1.971) 2.967)
poor 4.199 (2.177 - <0.0001 3.689 (1571 - 0003 | 4957 (2316 - 10.61) | <0.0001 485 (1736 - 0.003
8.102) 8.664) 13.553)

InPl, inflammatory prognostic index; ULN, upper limit of normal.
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CALLY index Model 1 @ Model 2 ® Model 3 €

HR (95% Cl) P value HR (95% Cl) P value HR (95% Cl) P value

Continues 0.87 (0.83, 0.91) <0.001 0.90 (0.86, 0.93) <0.001 0.91 (0.87, 0.95) <0.001
Low ¢ Reference Reference Reference

High ¢ 0.36 (0.29, 0.44) <0.001 0.42 (0.33, 0.52) <0.001 0.45 (0.36, 0.56) <0.001
Quartile 1 ° Reference Reference Reference

Quartile 2 ¢ 0.71 (0.56, 0.90) 0.005 0.62 (0.48, 0.79) <0.001 0.69 (0.53, 0.88) 0.004
Quartile 3 © 0.41 (0.31, 0.54) <0.001 0.40 (0.30, 0.53) <0.001 0.46 (0.34, 0.61) <0.001
Quartile 4 © 0.25 (0.19, 0.34) <0.001 0.29 (0.21, 0.40) <0.001 0.32 (0.23, 0.45) <0.001

P for trend 0.63 (0.58, 0.69) <0.001 0.65 (0.59, 0.72) <0.001 0.68 (0.62, 0.76) <0.001

CALLY, C-reactive protein-albumin-lymphocyte; OS, overall survival; CRC, colorectal cancer; HR, hazard ratio; CI, confidence interval; KPS, Karnofsky performance status score; PG-SGA,
Scored Patient-Generated Subjective Global Assessment.

“Model 1 was not adjusted for any covariates.

*Model 2 was adjusted for sex, age, body mass index, and TNM stage.

Model 3 was adjusted for sex, age, body mass index, TNM stage, smoking status, alcohol consumption, KPS and PG-SGA.

“Low:<1.47; High: 1.47.

“Quartile 1:<0.27; Quartile 2: 20.27 and<1.35; Quartile 3: 2135 and<2.82; Quartile 4: 2.82.
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Characteristics All patients Patients with high CALLY index

Patients with low CALLY index (n =376)

(n = 1260) (n = 884)
Sex “ (male) 767 (60.9) 127 (64.9) 340 (56.5) 0003
Age” (year) 6000 [52.00, 61.00 [53.00, 68.00] 59.00 [51.00, 66.00] <0.001
67.00]
BML (kg/m’) ﬁ:z][m'ss’ 2238 (2040, 24.68] 2276 [20.70, 24.97) 0030
TNM stage * <0001
1 71(5.6) 34(52) 37 (61)
1 259 (20.6) 128 (19.5) 131 (218)
m 442 (35.1) 188 (28.6) 254 (422)
v 488 (38.7) 308 (46.8) 180 (29.9)
Smoking status “° (Yes) 509 (40.4) 291 (44.2) 218 (36.2) 0.005
g‘:)h"l consumption " 269 (21.3) 158 (24.0) 111 (18.4) 0019
KPS * 90.00:[80.00; 80.00 [80.00, 90.00] 90.00 [80.00, 90.00] <0.001
90.00]
PG-SGA * 6.00 [2.00, 9.00] 7.00 [4.00, 10.00] 4.00 [2.00, 7.00] <0.001
Neutrocyte * (x10°/L) 355(250,497] | 420 [2.90, 6.00] 3.02 (230, 4.00] <0001
Lymphocyte * (x10°/L) 144 1,08, 1.83] 1.25 (0.90, 161] 1.63 (1,30, 2.00] <0001
Platelet * (x10°/L) 212 [164, 271] 225 (171, 291] 200 [161, 250] <0.001
Albumin * (median [IQR]) ii:zg]m‘w’ 36.80 [33.40, 40.38) 41.75 [39.30, 44.10] <0.001
CRP B (median [IQR]) 3.67 [2.68, 17.20] 16.10 [6.12, 43.72] 2.88 [0.86, 3.20 <0.001
Scr L (umol/L) 68.0 [55.1, 80.0] 69.0 [55.0, 80.9] 67.0 [55.5, 78.2. 0.333
Bun ® (mmol/L) 502 (398, 6.22 500 [3.85, 6.36 503 [4.10,6.17 0615
Tchol * (mmol/L) 1448 [3.86,527 1438369, 5.15 4,66 [4.06, 5.40 <0001
Triglyceride & (mmol/L) 1.35 [1.00, 1.82 1.30 [0.96, 1.73 1.39 [1.02, 1.96 0.011
HDL-C b(mmollL) 1.16 [0.97, 1.38 1.12 [0.92, 1.31 1.22 [1.02, 145 <0.001
LDL-C * (mmol/L) 281 [226,3.32 275 [2.15, 3.32 288 [2.34,3.33 0017
FBG * (mmol/L) 532 (486, 6.13 539 [4.83, 6.46 528 (4.8, 5.87 0.066
“Thil * (wmol/L) 109 (8.3, 15.2] 10.7 (8.0, 15.1] 113 (8.6, 152] 0176
Dbil * (mol/L) 30 (21,42 32[22,46) 30(21,38] <0001
AST ? (U/L) 22 (17, 29] 22 (17, 30] 22 (18, 29] 0631
ALT® (U/L) 19 (13, 29] 19 (12, 29] 19 (14, 29] 0.104

CALLY, C-reactive protein-albumin-lymphocyte; BMI, body mass index; KPS, Karnofsky performance status score; PG-SGA, Scored Patient-Generated Subjective Global Assessment; Scr,
serum creatinine; Bun, blood urea nitrogen; Tchol, total cholesterol; HDL-C, high-density lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; FBG, fasting blood glucose; Tbil,
total bilirubin; Dbil, direct bilirubin; AST, aspartate transferase; ALT, alanine aminotransferase.

“Categorical variables are presented as number (percentage).

“Continuous variables are presented as median [interquartile range].

“The standard is to smoke more than 20 cigarettes in a lifetime.

“The standard is regular drinking in the past year.

“The P value was for patients with high and low CALLY index.
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Patient  Age Cancer ICI Number of Time of onset HbA1c Casual PG PH of Comorbidities Anti- Tumor Continuation

(year) ICl treatment of ICI-TIDM at onset at onset diabetes GAD65 Ab/  response of ICI
cycle (weeks) ) (mg/d) Insulin Ab
1 0 M NSCLC P 3 9 6 564 No Eczema | Dyslipidemia Ne/Ne PR Continued
2 0 M NSCIC P 1 37 73 420 No P, Hypertension Ne/Ne PR Continued
Gradel
3 ” M Nscic P 4 2 53 404 No None  Hashimoto's Ne/ND PR Discontinued
thyroiditis
4 oM NSCIC P 9 31 87 491 T2DM None  Hypertension Ne/Ne PR Continued
5 7 M scLe D % 6 65 502 No None | None Ne/Ne PR Continued
6 0 | F MM N/ N.20cyes N 60w Ipi 3w, total 77 639 No None  Hypertension NefPo e Continued
Ipi | then Ipi once 63
7 % M MM N 14 29 85 940 No None  Hypertension Ne/Ne CR Continued
8 0 F RCC 13 4 0 106 616 T2DM THY Hypertension Ne/ND PR Discontinued
9 M NSCLC P 7 29 76 684 T2DM None  Atrial fibrillation  Ne/Ne D Discontinued
10 no|E MM N 9 21 63 489 No None  Hypertension Ne/Ne PD Continued
u 66 | M NSCIC | N/ N 18 cyces, N 75w, A 2w, total 69 1041 No None  Hyperuricemia Ne/Ne D Continued
A then A once 77w
12 5 M NSCIC | N 51 121 94 278 T2DM None | None Ne/Ne PD Discontinued
M, male; F, female; Cancer, underlying cancers ICI, type of ICI; P, pembrolizumab; N, nivolumabs Ipi, ipilimumab; D, durvalumab; A, atezolizamabs N/Ipi, N then ipi; N/A, N then A.

PH, past history; PG, plasma glucose; T2DM, type 2 diabetes mellitus.
MM, malignant melanoma; NSCLC, Non-small cell lung cancer; SCLC, small cell lung cancer; RCC, renal cell carcinoma; IP, interstitial pneumonitis; THY, thyroiditis.
ND, not determined; Ab, autoantibody; Ne, Negative; Po, Positive; CR, complete response; PR. partial response; PD, progressive disease.

Abnormal values are shown in bold. Partial data of patients 1-7 was previously reported in ref ().
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Median Median

The line of

Biomarker ~ Outcomes Treatment sample  age - follow-up
treatment
(range) (months)
Yang 2021 Prospective recurrent or 124
EBV DNA ORR NR (14) China (phase 11) ‘Camrelizumab etastatic >2 156 48 (23-71) (795) 14.2 (0.7-27.6)
Yang 2021 Prospective  Camrelizumab combined recurrent or 13 102 (IQR7.7-
BV DI NR “hi 1 134 2 (40~
EBV.DNA P @) Glas (phase ) with chemo (GP) metastatic 3 52.040-58) (40) | 127)
. Xu] 2022 y Prospective : recurrent or 148
EBV DNA PES. 10,0001U/mL (20) China (phase 11) ‘Toripalimab TE—— >2 179 46 (22-71) (27 NR
Wang 2021 Prospective recurrent or 158
v D g .
EBV DNA ORR 10,0001U/mL © China (phase I1) “Toripalimab metistatic >2 190 46 (22-71) (832) NR
1,500 copies/ | Hua 2021 § Prospective  Toripalimab combined with A9(QR: 435~ 18 146 (IQR:
EBV.DNA b mL @1 Chl (phase 1) radiocherapy recurrence ! = 525) (720) | 131-162)
" 19,000 Even 2021 Prospec recurrent or v 68
EBV DNA ORR opisslil @) France (phase 1) Spartalizumab(PDR001) atstihe >1 82 51 (21-74) (829) NR
Cohortl:
EBVDNA  ORR PR 0% Fang 2018 Ching Camrelizumab il 9 soss) | S8 oRaL:
copies/mL (23) metastatic (81.0) 11.7)
monotherapy
30,000 Fang 2018 . Prospective  Cohort2: recurrent or 17 10.2 (IQRS.7-
EBY/DNA ORREES copies/mL 23) ohis (phase 1) Camrelizumab combination metastatic A 2 46a5) (740) | 108)
50,000copies/ | Xu L 2022 Prospective - recurrent or - 43
EBV DNA ORR, PFS B 6) China (phase 111) ‘Camrelizumab or Nivolumab metaststic =1 57 47(25-72) (754) 58
1,000 copies/ Shi 2022 " Prospective recurrent or 109 21.7(95%CI:
EBV DNA ORR mL @ China (phase I KL-A167 n— >1 132 49 (26-68) (826) 19.8-225)
Cohortl:
Dynamic » 30,000 Fang 2018 Prospective P recurrent or 75 9.9 (IQR$.1-
gvDNA | ORRPES 1 emL | (23) i (phase T) Camicliaieal metastatic 2 2 #eem) 610 | 117)
monotherapy
Dynamic 1,000 copies/ | Shi 2022 Prospective recurrent or 109 21.7(95%C:
EBV DNA ORR mL ) Ghtns (phase 1) KAl metastatic 21 1oz Vo568 (826) | 198-225)
Dynamic . Chiang Hong Kong, | Prospective . recurrent or
mvona O MR 202(28) | China (hasen) | Doapaliy metastatic # & L R 1216233
Dynamic Yang 2021 q Prospective ‘Camrelizumab combined recurrent or 13 10.2 (IQR:7.7-
eBvDNA S NR ® China (phase ) with chemo (GP) metastatic ! 134 52 (0-58) #10) | 127)
Dynamic Chen 2022 . Prospective  Toripalimab combined with . 545 (IQR: 15
>
EBVDNA TS NR @) China (phase 11) chemoradiotherapy metastatic =t “2 105.57.5) @82 R
Yang 2021 Prospective N recurrent o 124
PD-LI ORR 1910% i China ey Camelzam iy 2 156 sy N u207-78
Ma 2018 Hong Kong,  Prospective recurrent or 35
PD-L1 ORR 1%,10% ) China (phase 11) Nivolumab matastatic >1 45 57(37-76) (778) 125 (22-22.0)
" Wang 2021 . Prospective . recurrent or 158
PD-L1 ORR, PFS 1%, 25% © China (phase 11) Toripalimab Inclastatic >2 190 46(22-71) ($32) NR
Park 2020 recurrent or 31
D-] 3 3 ive i-PD- -7 -55.:
PD-L1 ORR, PFS 1%,10% i America Retrospective  anti-PD-1 antibody therapy eatic 21 12 50 (15-74) w137 @1S
Shi 2022 3 Prospective recurrent or 109 21.7(95%CI:
oL ORR " @ China (phasetry | KA metastatic >t 132 PO g 198229
Hua 2021 . Prospe: Toripalimab combined with 49(IQR: 435~ 18 14.6 (IQR:
o P " @1 China (phaseT) | radiocherapy FECHLTEREE A o 525) (20) | 131-162)
Mai 2021 . Prospective | Toripalimab combined recurrent or 124
ED:R EES 19%:5% (24) China (phase 1) | with chemo(GP) metastatic X 130 As(19:72) @ 7
Park 2020 . " recurrent or ” 31
T™B ORR, PES 2amusMb O America Retrospective | anti-PD-1 antibody therapy i 21 a2 50 (15-74) ey | 13715
Xu L 2022 2 Prospectit recurrent or 43
; » g
TMB ORR, PFS 4muts/Mb (26) China (phase 1/11) Camrelizamab or Nivolumab R— 21 57 47(25-72) (75.4) 58
o Wang 2021 Prospective . recurrent or 158
o P 2omutsiMb |5 China (phase 11) Toripalimab metastatic 7 190 62271) ®a W
. Hua 2021 - Prospec Toripalimab combined with 49(IQR: 43.5- 18 14.6 (IQR:
L FES R @ China (phase 1) radiocherapy recurrence ! » 525) (7200 131-162)
" Cohortl:
— - - Fang2018 | Prospective | 0 recurrent or 5 % . 75 99 (IQR8.1-
) (phase 1) metastatic 6L 1)
monotherapy
Ma 2021 Prospective recurrent or 95 247
TMB PFS NR China P Camrelizumab or Nivolumab N >1 60 46 (23-73) (95%CI1:23.3-
@) (phase 1) metastatic 66 e

EBV, Epstein-Barr virus; PD-L1, programmed cell death-ligand 1; TMB, tumor mutation burden; ORR, objective response rate; PES, progression-free survival; GP, gemcitabine and cisplatin; NR, not reported; IQR, interquartile range; Cl, confidence interval
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