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Editorial on the Research Topic 


Complexity of tumor microenvironment: A major culprit in cancer development


The tumor microenvironment (TME) is a complex landscape composed of intrinsic and extrinsic elements besides tumor cells including various immune cells, tumor-related stromal cells, and endothelial cells along with extracellular matrix components (1–3). Notably, the ability of tumor cells to invade surrounding tissues or metastasize through blood and lymphatic vessels implicitly involves cooperation with elements of the TME (4–6). In this regard, infiltrating immune cells such as T cells, B cells, macrophages, dendritic cells, monocytes, neutrophils, and mast cells have been associated with cancer development and progression (6–8). Additionally, these cells stimulate the host immune response by releasing cytokines, cytokine receptors, and other factors, which directly or indirectly promote or alternatively inhibit tumor cell proliferation (9, 10). Collectively these processes direct key events such as tumor recurrence, metastasis, and response to the immunotherapy (11, 12), thereby influencing clinical outcomes (13–15). However, the detailed profiles of immune cell infiltration and differentially expressed genes (metabolic, immune-related, or others) in many cancers continue to be elucidated (7, 16, 17). Several metabolic factors have shown an association with pathogenesis and progression of various cancers (18, 19) such as de novo lipid biosynthesis is a crucial regulator in the prostate cancer (20–22). An anecdotal observation metabolic health of the individuals may influence the prognosis and treatment of the cancers.

Indeed, support for this intriguing hypothesis is gaining momentum, for example, androgen deprivation therapy (ADT) reduces testosterone in the body which inhibits the prostate cancer (23–25). However, studying constituents of the TME can help understand the underlying mechanisms of cancer development and progression (26–29). It has been well established that metabolic factors and infiltrating cells in TME potentially serve as prognostic markers in various cancers (30, 31). Recent advances and improvements in cancer therapy have shifted the treatment focus toward hormonal therapy and immunotherapy such as immune checkpoint inhibitors (ICIs) and chimeric antigen receptor (CAR) T-cell adoptive immunotherapy. The latter involves manipulating T cells in the laboratory to add artificial receptors that can invoke attacks against cancer cells (32–34). However, CAR-T therapy remains limited by the lack of appropriate targets in solid tumors (33, 35–37). However, advanced-stage patients or those presenting with unfavorable tumors inevitably face disease progression with dire outcomes (38–40). Thus, more comprehensive studies related to the genetic regulation of tumors through metabolic and endocrine factors, immune cell infiltration, and immune functions are urgently required to identify the underlying mechanisms of cancer development and progression towards improved biomarkers and/or applications of targeted therapy.

The current Research Topic aimed to collect studies reporting advancements in clinical and basic research related to the tumor microenvironment and regulation of cancers through metabolic, endocrine factors, and immune cells. After a rigorous review process, the current volume presents an authoritative collection of twelve articles exploring new dimensions in this research field.

First, the review by Aguilar-Cazares et al. provides a systematic account of the current literature describing the roles of inflammatory mediators within the tumor microenvironment, particularly their dynamics in growing tumors. Here inflammatory factors including IL-6, IL-1, TNF-α, G-CSF, and GM-CSF produced by cancer cells and stromal cells make essential contributions to cancer-associated inflammation. Ye et al. further describe the activation of inflammation in diabetic pancreatic cancer patients via the infiltration of CD8+T cells into the TME, which intriguingly acts to reduce tumor growth and metastasis. Similarly, Huang et al. using single-cell analysis of pancreatic cancer developed a four-gene predictive model which also indicated the differential infiltration of memory B-cell subtypes into the TME.

Treating solid tumors is always challenging with surgical resection, chemotherapy and radiotherapy being the longstanding options. However, the resurgence of immunotherapy over recent years, for example, involving CAR-T cells has shown promising results in hematological malignancies. Gastrointestinal cancers such as hepatocellular carcinoma (HCC) are some of the most lethal cancers and generally, patients with such solid tumors have not presently benefited from CAR-T approaches. The review by Guizhen et al. investigates the factors preventing CAR-T success in HCC, dissecting the evidence for why the TME represents a significant barrier to the infiltration, survival and activity of CAR-T cells. Taking cues from other cancer types, they conclude that modifying CAR-T cells may help their persistence in the TME or otherwise combinatorial approaches such as combining CAR-T with immune checkpoint inhibitors. Moreover, Dong et al. showed that cancer-associated fibroblast (CAF) related genes are significantly associated with immune regulation in HCC. Patients with tumors showing higher CAF gene expression were resistant to chemotherapy (cisplatin and doxorubicin) and tyrosine kinase inhibitors (TKI) (sorafenib) with worse overall survival.

Similarly, Zhang et al. used the TKI Aumolertinib to treat a lung cancer case with brain metastasis coupled with Osimertinib-induced cardiotoxicity. The patient showed significant recovery after Aumolertinib treatment with negligible adverse effects recorded, suggesting clinical outcomes could be improved by supplementing TKIs with CAR-T or other immunotherapies. A further enlightening report linking the TME with cancer prognosis by Li et al. presented evidence for the differential expression of immune-related genes in lung cancer. They found that Ribonucleotide Reductase Regulatory Subunit M2 (RRM2) represented a potential new metabolic checkpoint and therapeutic target. Ge et al. also reported the prognostic significance of pyroptosis-derived lncRNAs from lung adenocarcinoma tissues, which could be used as alternative therapeutic targets.

Yan et al. constructed an eight-gene model for low and high-risk prognostication in diffuse large B cell lymphoma (DLBCL) patients, interestingly showing that low-risk cases exhibited a proinflammatory immune cell-enrichment profile. An alternative DNA damage repair gene signature predicting survival in cutaneous melanoma patients revealed by Liang et al. showed that positive benefits were associated with immune cell enrichment in the TME together with the expression of immune checkpoint-related genes. Additionally, Jiang et al. considered PET/CT a promising method for early diagnosing lesions in patients with biochemical recurrence of prostate cancer. Finally, Wang et al. showed how hypoxic conditions enhance the stemness and proliferative capacity of rat peripheral blood-derived mesenchymal stromal cells (PBMSCs), a finding of interest to tissue engineering but also in cancer models.


Conclusion and prospects

The tumor microenvironment is a unique tissue landscape that must be understood if therapeutic strategies against cancer are to be successful. Twelve contributions to this topic highlight different aspects of how TME affects cancer outcomes. Most studies report the identification of molecular markers that may be potentially used as diagnostic, therapeutic, and prognostic targets. Altogether, these studies increase our biological understanding of cancer and tumor microenvironment aspects but especially highlight the cruciality of PDL1, CAR-T, and TKIs in cancer treatment. It can be anticipated that these contributions will find broad applications, ranging from purely scientific endeavors to clinical guidelines for cancer treatment.
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Background

Although the functional damage of the diabetic pancreas can affect the postoperative recovery of pancreatic cancer patients, there is no significant difference in the prognosis of pancreatic cancer patients with a history of diabetes and ordinary pancreatic cancer patients. There is still no practical theory to explain this phenomenon.



Materials and Method

The mRNA expression profile data of 141 cases and 51 cases with clinical data of diabetes status were obtained from the TCGA database and the GEO database, respectively. The CRA001160 data set was obtained in the TISCH database. The Seurat was used to process single-cell expression profile sequencing data. The Cibersortx was used to construct a feature matrix of single-cell sequencing data and to deconvolve Bulk-RNAseq data to obtain each pancreatic cancer patients’ tumour invasion score. TIDE was used to assess the immune escape potential of the tumour. MiRNet was used to construct the miRNA-mRNA regulatory network.



Result

Compared with regular pancreatic cancer patients, the immune-related signal transduction pathways in diabetic pancreatic cancer patients are in an activated state. In patients with diabetic pancreatic cancer, the infiltration score of CD8+ T cells is high, and the infiltration score of corresponding malignant tumour cells is low. The Bayesian classifier can distinguish diabetic pancreatic cancer patients from non-diabetic pancreatic cancer patients based on 10 signature genes. The miRNA-mRNA regulatory network suggests that regulation by miRNA can influence mRNA expression and thus prognostic survival of pancreatic cancer patients.



Conclusion

The activation of inflammatory-related signalling pathways in diabetic pancreatic cancer patients increases the immune infiltration of CD8+ T cells in cancer patients and reduces the development of malignant tumour tissues. The expression of 10 signature genes allowed the diagnosis of diabetic and non-diabetic pancreatic cancer patients. The miRNA-mRNA regulatory network may be the main cause of the differences in the tumour inflammatory microenvironment between the two groups of patients. These findings help us further understand the immune microenvironment of patients with diabetic pancreatic cancer.





Keywords: pancreatic cancer, diabetes, tumor microenvironment, miRNA-mRNA regulation network, immune therapy



Introduction

Pancreatic cancer has one of the highest mortality rates of any cancer type, with an overall five-year survival (OS) rate of less than 5%. Despite the tremendous breakthroughs in cancer treatments with advances in medical technology and complementary therapies, the prognosis for pancreatic cancer patients remains poor (1, 2). Understanding the pathogenesis of pancreatic cancer and the factors that drive its rapid growth is of great importance to the treatment and control of pancreatic cancer. Numerous studies have shown that diabetes is a major risk factor for the development of pancreatic cancer. Diabetes mellitus is a metabolic disease characterised by high blood sugar. Prolonged hyperglycemia causes chronic damage and dysfunction in various tissues, especially the eyes, kidneys, heart, blood vessels and nervous system. A large number of studies have reported an epidemiological association between diabetes and pancreatic cancer. Data have shown that approximately 50% of newly diagnosed patients with pancreatic cancer are diabetic (3, 4). The incidence of pancreatic cancer among new diabetics may reach 0.85%, which is eight times higher than expected. Despite the fact that diabetes affects the recovery of patients after radiotherapy, chemotherapy and surgical resection of pancreatic cancer, there is no significant difference in the overall survival of pancreatic cancer patients with diabetes (5, 6). Although this conclusion is still controversial, no well-established theory is still available to explain the phenomenon.

The tumour microenvironment of pancreatic cancer is of great importance to the progression and metastasis of the pancreas. The pancreatic cancer microenvironment is mainly composed of cancer cells, stromal cells and extracellular components. The main cells that promote the progression of pancreatic cancer are pancreatic stellate cells (PSC), regulatory T cells (Treg), myeloid suppressor cells (MDSC) and tumour-associated macrophages (TAM). These cells can co-maintain the microenvironment through the exocrine secretion of a number of cellular matrices and inflammatory factors (7). The main features of the pancreatic cancer microenvironment are hyperdense cell proliferation and extensive immunosuppression (8). The pancreatic cancer microenvironment promotes the proliferation of pancreatic cancer and escapes immune surveillance by directly suppressing tumour immunity and inducing the proliferation and metastasis of immunosuppressed cells. No research team has focused on the characteristics of the tumour microenvironment in diabetic pancreatic cancer patients. Widespread elevated levels of inflammatory factors are present in diabetic patients (9). The increased levels of these inflammatory factors may affect the tumour microenvironment in diabetic patients with pancreatic cancer, thereby triggering crosstalk of the cellular components of the pancreatic cancer microenvironment. A recent study has shown that a high-glucose environment in tumors can promote the proliferation of immune-related cells in tumors, without significantly affecting tumour cells. The main reason for the high rate of glucose consumption by tumors is not the cancer cells, but the immune cells in the tumour tissue. All these studies suggest a complex state of the tumour microenvironment in diabetic pancreatic cancer patients (10).

In this study we compared the differences in expression profiles between diabetic and non-diabetic pancreatic cancer patients by two separate data sets (TCGA PAAD, GSE79668). The composition of the 13 types of cells in the tumour microenvironment from these bulk-RNAseq data was assessed by a matrix of features of the 13 types of cells in the pancreatic cancer microenvironment obtained from single-cell sequencing data (CRA001160), revealing differences in the tumour microenvironment of diabetic versus non-diabetic pancreatic cancer. Differential miRNAs from diabetic and non-diabetic pancreatic cancer patients were compared by TCGA PAAD miRNA sequencing data, and miRNA-mRNA regulatory networks were constructed from differentially expressed genes. These results have important implications for our further understanding of the unique characteristics of the tumour microenvironment and the progression of pancreatic cancer in diabetic pancreatic cancer patients. On the other hand, it also reveals that CD8+ T cell-based immunotherapy may be effective in pancreatic cancer; interfering with the immune microenvironment of the tumour through miRNA may be an effective means to improve the prognosis of pancreatic cancer.



Methods


Patients and Datasets

The mRNA expression profile and microRNA expression profile data for 141 PAAD cancer samples were downloaded from the TCGA database (11) (HTTPS://portal.gdc.cancer.gov/projects/TCGA-HNSC) and included information on their clinicopathology. Among them were 35 patients with diabetic pancreatic cancer and 106 patients with non-diabetic pancreatic cancer. Fifty-one pancreatic cancer samples from GSE79668 (12) were downloaded from the GEO database (13), along with clinicopathological information on these samples. The numbers of patients with diabetic pancreatic cancer and non-diabetic pancreatic cancer were 22, 29 respectively. The single cell expression profile matrix for CRA001160 (14) was downloaded from TISCH (15) and contains expression profile data for 57,443 single cells. Cell annotation information from the data source paper was used in this study for a total of 13 major cell types including Acinar, B, CD8Tex, Ductal, Endocrine, Endothelial, Fibroblasts, M1, Malignant, Monocyte, pDC, Plasma, Stellate.



Overexpression Analysis and GSEA

Differential analysis of mRNA expression profiles between diabetic pancreatic cancer and non-diabetic pancreatic cancer patients in PAAD samples was performed by the DESeq2 (16) package of R software (FDR<0.05, |log2foldchange|>1). Gene Ontology (GO) (17) and Kyoto Encyclopedia of Genes and Genomes (KEGG) (18) functional annotations were done for up- and down-regulated genes in diabetic pancreatic cancer by the ClusterprofileR (19) package of R software, respectively. The differentially expressed genes were ranked according to their log2foldchange and functional enrichment analysis was performed on the differentially expressed genes using GSEA (20).



Assessment of Tumour Microenvironmental Status in Pancreatic Cancer

The pancreatic cancer tumour tissue single cell sequencing dataset (CRA001160) was non-linearly dimensionalised, clustered, visualized and annotated with 13 major cell types by the Seurat package of R software (21). One hundred cells from each major cell type were randomly selected to reconstitute a pancreatic cancer tumour microenvironment expression profile of 1300 cells. The CIBERSORTx (22) was used to process the new single cell expression profiles to construct a signature matrix of these 13 major cell types. Using these 13 cell type feature matrices, the 141 pancreatic cancer patients from TCGA PAAD and 51 pancreatic cancer patients from GSE79668 were deconvoluted respectively, resulting in an ABSOLUTE score matrix of the 13 major cell types in the tumour tissues of these pancreatic cancer patients. The higher the Absolute score for a cell type, the higher the absolute percentage of this cell type in the tumour tissue. The TIDE (http://tide.dfci.harvard.edu/faq/) (23) computational framework was used to assess the functional status of T lymphocytes in the tumour microenvironment. Using the TIDE computational framework, scores for tumour immune dysfunction and immune rejection status can be obtained. These scores could be applied to assess the potential for tumour immune escape.



Construction of a Classifier for Distinguishing Pancreatic Diabetes Mellitus From Non-Pancreatic Diabetes Mellitus

In order to diagnose pancreatic cancer diabetes versus non-pancreatic cancer diabetes at the expression profile level, machine learning models were used to construct diagnostic models. Firstly, the voom function of the limma (24) package of the R software was used to transform the count matrix of the expression profile into a normalized expression profile matrix. The removebatcheffect function was then used to remove the batch effect from the TCGA PAAD dataset and the GSE79668 dataset. the TCGA PAAD dataset was used for feature extraction and machine learning model construction and the GSE79668 dataset was used to assess the generalization capability of the model. Four machine learning models (SVM, Random Forest, Naïve Bayes, Logistic Regression) were used to construct classifiers for diabetes and non-diabetes. Two metrics, ROC curve and Calibration curve, were used to evaluate the performance of the models.



Construction of miRNA-mRNA Regulatory Network and Survival Analysis

Differential expression analysis of the count matrix of miRNA expression profiles of TCGA PAAD patients (diabetic pancreatic cancer vs. non-diabetic pancreatic cancer) was done by DESeq2 of R software. The miRNAs with significant differences were obtained according to the filtering conditions of pvalue<0.001,|log2foldchange|>0.5. Venn diagrams were used to visualize the relationship between differential genes in diabetic pancreatic cancer and non-diabetic pancreatic cancer in TCGA PAAD and GSE79668. Genes that were significantly upregulated in both datasets were used to construct miRNA-mRNA regulatory networks. The miRNet (25) (https://www.mirnet.ca/) was used to construct the miRNA-mRNAt regulatory network. miRNA target genes were predicted using the miRTarBase V8.0 database (26). The network nodes were pruned according to their degree, and nodes with degree > 1 were retained. The networks were then functionally annotated by GO, KEGG and REACTOME (27) databases. Finally Kaplan-Meier Plotter (28) (https://kmplot.com/analysis/) was used to do survival analysis on the screened differential miRNAs.



Statistical Analysis

Absolute scores of cell types were compared between groups using the Wilcox test. Univariate survival analysis was performed by Kaplan-Meier survival analysis with the log-rank test. Orange3 (version:3.28) (29) was used to build machine learning models.




Result


Differential Expression Profiles of Tumor Tissues From Diabetic and Non-Diabetic Pancreatic Cancer Patients

In order to find differences between diabetic and non-diabetic pancreatic cancer patients, DESeq2 was used to investigate the differences in expression profiles between the two groups. In the TCGA PAAD dataset, 215 genes were upregulated and 190 genes were downregulated in cancer tissues from patients with diabetic pancreatic cancer (Figure 1A). 338 genes were upregulated and 79 genes were downregulated in tumour tissues from patients with diabetic pancreatic cancer (Figure 1B) in the GSE79668 dataset (FDR<0.05, | log2Foldchange|>1). GO and KEGG databases performed functional enrichment analysis and GSEA for upregulated and downregulated genes in these two datasets, respectively. The functional enrichment results of the TCGA PAAD dataset showed that among the up-regulated genes, the overexpressed genes analysed by GO enrichment were mainly enriched in immune response-activating cell surface receptor signaling pathway, immune response -activating signal transduction, antigen receptor-mediated signaling pathway and other signaling pathways (Figure 2A). The GSEA results showed that the higher ranked genes in the GO database were mainly enriched in signalling pathways such as lymphocyte migration, plasma membrane signaling receptor complex, positive regulation of leucocyte cell-cell adhesion, positive regulation of T cell activation, T cell receptor complex (Figures 2B, C). In the KEGG database, these upregulated genes are mainly enriched in signalling pathways such as Cytokine-cytokine receptor interaction, Primary immunodeficiency, Chemokine signaling pathway (Figure 2D). The GSEA results showed that the higher ranked genes in the KEGG database were mainly enriched in signalling pathways such as Chemokine signaling pathway, Cytokine-cytokine receptor interaction, Natural killer cell mediated cytotoxicity, Osteoclast differentiation, Yersinia infection (Figures 2E, F). The functional enrichment of the GSE79668 dataset showed that the upregulated genes in the GO database were mainly enriched in signalling pathways such as T cell activation, lymphocyte differentiation, lymphocyte proliferation (Figure 2G). The results of GSEA enrichment showed that Antigen binding, B cell receptor signaling pathway, immunoglobulin complex, plasma membrance signaling receptor complex, T cell receptor complex were activated in the tumor tissues of pancreatic cancer and diabetes (Figures 2H, I). In the KEGG database, overexpressed genes were mainly enriched in signal pathways such as Hematopoietic cell lineage, Cytokine-cytokine receptor interaction, and T cell receptor signaling pathway (Figure 2J). The results of GSEA enrichment showed that Chemokien signaling pathway, Cytokine-cytokine receptor interaction, JAK-STAT signaling pathway, Measles, Natural killer cell mediated cytotoxicity and other signaling pathways were in an activated state (Figures 2K, L). In contrast, the two datasets showed relatively large differences in the results of signalling pathway enrichment in the genes that were down-regulated (Supplementary Figure S1). These results suggest that inflammatory and immune-related signalling pathways are extensively activated in the tumour tissue of diabetic pancreatic cancer patients. This “hot” immune state reflects the specific tumour microenvironment of tumour tissue in diabetic pancreatic cancer patients.




Figure 1 | Volcano plot (A) Differentially expressed genes in the TCGA PAAD dataset for diabetic vs. non-diabetic. (B) Differentially expressed genes between diabetic and non-diabetic in the GSE79668 dataset. FDR<0.05,abs(log2FoldChange)>1 used as cutoff value for the volcano plot.






Figure 2 | KEGG, GEO enrichment analysis of upregulated genes in diabetic pancreatic cancer patients and GSEA results. (A–C) Functional enrichment of GO overexpressed genes, GSEA and gene regulatory networks in the TCGA PAAD dataset, respectively. (D–F) Functional enrichment of KEGG overexpressed genes, GSEA and gene expression regulatory network in TCGA PAAD dataset, respectively. (G–I) Functional enrichment of GO overexpressed genes, GSEA and gene expression regulatory network in the GSE79668 dataset, respectively. (J–L) is the functional enrichment of KEGG overexpressed genes, GSEA and gene expression regulatory network in the GSE79668 dataset, respectively.





Differences in the Tumour Microenvironment of Tumour Tissue in Diabetic and Non-Diabetic Pancreatic Cancer Patients

To further investigate the tumour microenvironment in diabetic patients with pancreatic cancer, the CRA001160 dataset was used to construct a signature matrix of the 13 major cell types in pancreatic cancer. We constructed a new expression profile matrix consisting of 1300 cells from 13 major cell types, 100 cells of each type were randomly selected (Figure 3A). The Cibersortx was used to construct a signature matrix of the pancreatic cancer tumour microenvironment. Ultimately, a feature matrix of 13 cell types, consisting of 3706 genes, was constructed (Figure 3B). Each cell type has its own unique expression pattern. The signature matrix was used to deconvolve the bulk-RNAseq matrix. We eventually obtained heat maps of the tumour microenvironment distribution for the TCGA PAAD dataset (Figure 3C) and the GSE79668 dataset (Figure 3D). As can be observed from the figure, the tumour immune microenvironment showed significant differences in both Diabetes and Non-Diabetes in the two independent datasets. In the TCGA PAAD dataset, CD8Tex was significantly higher in the Diabetic pancreatic cancer than in the Diabetic group (p<0.01), while the opposite was true for Malignant (p<0.01). Fibroblast and Malignant are the most predominant components of pancreatic cancer tissue (Figure 4A). In the GSE79668 dataset, we similarly found that CD8Tex immune infiltration was significantly higher in diabetic pancreatic cancer patients than in the non-diabetic group (p<0.01), while Malignant composition was significantly lower than in the non-diabetic group (p<0.05) (Figure 4B). It further suggests that the tumour microenvironment in pancreatic cancer diabetes is in a “hot” immune state and that malignant cell infiltration is significantly lower in this state. To further elucidate the characteristics of the immune microenvironment in pancreatic cancer tumour tissue, the Absolute Score of 13 cells was used to calculate the correlation of these cells. The results suggest that Malignant showed a significant negative correlation with Endocrine, Endothelial, Fibroblast, pDC, Plasma, and Stellate in the TCGA PAAD dataset (p<0.05). CD8Tex, on the other hand, showed a significant positive correlation (p<0.05) with B cells, pDC, and Stellate cells, and a negative correlation with M1 (Figure 4C), where CD8Tex and Malignant’s Absolute Score showed a significant negative correlation (R=-0.32, p<0.001) (Figure 4D). Malignant showed a negative correlation with Endocrine, Fibroblasts, Stellate in the GSE79668 dataset (p<0.05). CD8Tex showed a positive correlation (p<0.05) with Monocle (Figure 4E). In the GSE79668 dataset, CD8Tex and Malignant also showed a significant negative correlation (R=-0.45, p<0.01) (Figure 4F). These results suggest a relationship between cells in the unique tumour microenvironment of diabetic pancreatic cancer.




Figure 3 | Cell type expression profile signature matrix. From the 13 clustered cell populations of the PAAD scRNAseq dataset, 100 cells of each cell type were randomly screened and the expression profile feature matrix of these cell types was obtained by the CIBERSORTX algorithm. (A) Two-dimensional scatter clustering plot of umap for the 13 cell types obtained by PAAD scRNAseq. (B) Feature matrices obtained by the CIBERSORTX algorithm. (C) Absolute score clustering heat map of the 13 cells from the TCGA PAAD dataset. (D) Absolute score clustering heat map of 13 cells from the GSE79668 dataset.






Figure 4 | Comparison of the tumor immune microenvironment in patients with diabetic pancreatic cancer versus non-diabetic pancreatic cancer. (A) Mean value test of Absolute Score of tumor tissues of 13 cells in the TCGA PAAD dataset. (B) Mean value test (wilcox-test) of Absolute Score of tumour tissue from 13 cells in the GSE79668 dataset. (C) Correlation of Absolute scores of 13 cell types in the TCGA PAAD dataset. (D) Correlation of Malignant and CD8Tex in the TCGA PAAD dataset. (E) Correlation of Absolute scores of 13 cell species in the GSE79668 dataset. (F) Correlation between Malignant and CD8Tex in the GSE79668 dataset. (Spearman correlation test). ns, Not Significant, *p < 0.05, **p < 0.01, ***p < 0.001.





Relationship Between Tumour Microenvironment and Prognosis of Pancreatic Cancer Patients

Based on the Absolute Score obtained by CibersortX, it is possible to assess the relationship between the cells that make up the tumour microenvironment of pancreatic cancer and the prognostic survival of the cancer. Immune infiltration of M1 in the TCGA PAAD dataset was then a high risk factor for pancreatic cancer (Figure 5A, HR=1.03, p<0.01), in both diabetic and non-diabetic groups (Figure 5B). Malignant was also a high risk factor for pancreatic cancer (Figure 5C, HR=1.01, p<0.05), however it showed no significance in the diabetic group. A higher Endocrine score was a beneficial factor for pancreatic cancer (Figure 5A, HR=0.98, p<0.05), a result that was the same in the non-diabetic group, yet showed greater individual variability in the diabetic group (Figure 5D). The results of the Kaplan-Miere survival analysis showed that patients with high CD8Tex and Endocrine scores showed better prognostic survival, while patients with high Malignant and M1 scores showed poorer prognostic survival (Figures 5E–H). However, in the GSE79668 dataset, the results of the survival analysis were not statistically significant due to the small number of samples (Supplementary Figure S2).




Figure 5 | Relationship between tumor microenvironment components and prognostic survival of cancer patients in the TCGA PAAD dataset. (A) Relationship between the proportion of CD8Tex, Endocrine, M1, Malignant in the tumor microenvironment and the prognosis of PAAD patients. (B) Relationship between immune infiltration of M1 cells and prognostic survival in diabetic and non-diabetic pancreatic cancer patients. immune infiltration of M1 cells is a high risk factor in diabetic pancreatic cancer patients. (C) Relationship between infiltration of Malignant cells and prognostic survival in diabetic and non-diabetic pancreatic cancer patients. In non-diabetic pancreatic cancer, infiltration of Malignant is a high risk factor. (D) Association of Endocrine cell scoring in the tumour microenvironment with prognostic survival in patients with diabetic and non-diabetic pancreatic cancer. In patients with non-diabetic pancreatic cancer, the proportion of Endocrine was a beneficial factor. (E–H) The Absolute scores of Malignant, CD8Tex, Endocrine, and M1 were used to group PAAD patients and compare the differences in prognostic survival between patients in higher and lower groups, respectively. (A–D) All used one-way cox proportional regression models to assess HR for risk factors, logrank was used to test the statistical significance of the results, and all used the patient’s age as a correction factor. (I)TIDE computational framework to assess the immune functional status of the tumour microenvironment. ns, Not Significant, *p < 0.05, **p < 0.01, ***p < 0.001.





Comparison of Immune Cell Function in the Immune Microenvironment of Diabetic Pancreatic Cancer and Non-Diabetic Pancreatic Cancer

In our previous study, we found a higher degree of immune infiltration of CD8Tex in the tumour microenvironment of diabetic pancreatic cancer patients compared to normal pancreatic cancer. To further investigate the functional status of these CD8Tex in pancreatic cancer diabetes, the TIDE calculation framework was used to assess the immune dysfunction and exclusion status of pancreatic cancer tumour tissue. We combined TCGA PAAD and GSE79668 to assess the tumour immune status of each sample using the TIDE calculation framework (Figure 5I). The results showed that the score of CD8 was higher in diabetic pancreatic cancer compared to non-diabetic pancreatic cancer (wilcox.test,p<0.001), while the score of Myeloid-derived suppressor cells was lower (wilcox.test,p<0.05). This result is consistent with the previous findings, suggesting that the tumour microenvironment in diabetic pancreatic cancer is in a “hot” immune state. DysFunction scores did not differ significantly between the two groups, indicating that the immune function of T lymphocytes in the tumour microenvironment of pancreatic cancer did not significantly diverge between the two subgroups. In addition, although Exclusion scores did not show a significant difference between the two subgroups, immune infiltration scores were lower in the diabetic pancreatic cancer group (p<0.1). The above findings suggest that diabetic pancreatic cancer patients have a higher degree of immune infiltration of T lymphocytes than non-diabetic patients, and that the immune function status of T lymphocytes may be even better.



Construction of a Classifier for Diabetic and Non-Diabetic Pancreatic Cancer Patients

141 cases from the TCGA PAAD dataset were used to train a machine learning classifier for differentiating pancreatic cancer diabetes from non-pancreatic cancer diabetes. Using Gini ratio, we obtained 10 signature genes from the TCGA PAAD dataset for differentiating pancreatic cancer diabetes from non-pancreatic cancer diabetes (Table 1). The 10 genes are RASIP1, CCDC30, TTC30B, PSENEN, IKZF3, SETDB2, HCN3, TMEM190, EEF1A1P5, C6orf62. Leave one out was used to assess the stability of four machine learning models. The AUC, CA, F1, Precision, Recall were used to assess the predictive power of the models. The results show that the Naïve Bayes classifier performs best in this binary classification task (Table 2, Figures 6A, B). In the validation set, the Naïve Bayes classifier also obtained the best performance (Table 3 and Figures 6C, D). We constructed a Nomogram of the Naïve Bayes classifier based on these 10 features (Figure 6E). The main role of this model is to be used to classify the large number of samples with unlabelled diabetes status in the GEO database, thus helping the researcher to obtain a larger number of usable samples.


Table 1 | Feature gene extraction.




Table 2 | Evaluate the model with leave one out.






Figure 6 | Model evaluation and model validation of classification models. (A, B) training dataset (TCGA PAAD sample set) used to evaluate AUC and model correction curves for 4 classifiers. (C, D) testing dataset (GSE79668) used to evaluate AUC and model correction curves for 4 classifiers. (E) The nomogram plot of the naïve Bayesian model. Green refers to Naïve Bayes, orange to SVM, cyan blue to RandomForest and rose to logistic regression.




Table 3 | Classifier model testing.





Immune-Related miRNA-mRNA Regulatory Network in Diabetic Pancreatic Cancer Tumor Tissue

MiRNAs can influence the regulation of gene expression by interfering with the expression of mRNAs. Given that diabetic pancreatic cancer has a specific “hot” immune state in the tumour microenvironment, the miRNA-mRNA regulatory network may be important for the maintenance of this immune state. TCGA PAAD miRNA expression profile data were used for differential expression analysis of diabetic pancreatic cancer versus non-diabetic pancreatic cancer (Figure 7A). Based on the filtering criteria of pvalue<0.001, |log2Foldchange|>0.5, we obtained four miRNAs upregulated in diabetic pancreatic cancer (hsa-mir-301a, hsa-mir-3065, hsa-mir-205, hsa-mir-592) and one downregulated miRNA (hsa-mir-150). By combining the results of TCGA PAAD and GSE79668, we found 36 genes upregulated in diabetic pancreatic cancer (Figure 7B). Using the miRNet, we constructed a miRNA-mRNA regulatory network (Figure 7C). TLR10, MS4A1, BTLA were the main nodes linking the miRNA regulatory module to the mRNA regulatory module. kEGG, Reactome, GO : BP databases were used for functional enrichment analysis of genes in the regulatory network, respectively. The results of the KEGG functional enrichment showed that this regulatory network is mainly associated with Prostate cancer, Rheumatoid arthritis, Fatty acid metabolism, etc(Figure 7D). The results of the functional enrichment of the Reactome database indicate that this regulatory network is mainly associated with TCR signaling, PIP3 activates AKT signaling, PI3K events in ERBB4 signaling, etc (Figure 7E). The results of the functional enrichment of the GO : BP database indicate that this regulatory network is mainly associated with cellular defense response, The results of functional enrichment in the GO : BP database suggest that this regulatory network is mainly associated with cellular defense response, phosphatidylinositol-mediated signaling, B cell activation and other signaling pathways (Figure 7F). To reveal the relationship between miRNAs and the tumour microenvironment, we calculated the spearman correlations of hsa-mir-150, hsa-mir205, hsa-mir-301a, hsa-mir-3065, hsa-mir-592 with 13 cell types (Figure 7G). The results showed that hsa-mir-150 positively correlated with B, CD8Tex, Endothelial, Fibroblasts, pDC, and Stellate cells (p<0.05), while negatively correlated with M1 and Malignant (p<0.05). This result suggests that hsa-mir-150 can promote the proliferation of cancer inflammation-related cells and inhibit cancer progression. Hsa-mir-301a was negatively correlated with Endothelial (p<0.05), Fibroblasts, and Malignant, and positively correlated with Endocrine (p<0.05). It suggests that hsa-mir-301a may promote the maintenance of Endocrine and inhibit cancer progression. Hsa-mir-3065 was positively correlated with Endocrine (p<0.05) and negatively correlated with Endothelial, Fibroblasts, and Plasma (p<0.05), this result suggests that hsa-mir-3065 may be important for maintaining Endocrine and inhibiting vascularization and fibrosis in tumor tissues.Hsa-mir-592 was negatively correlated with CD8Tex, Endothelial, Fibroblasts, Monocyte, pDC, and Plasma (p<0.05) and negatively correlated with Malignant (p>0.05), suggesting that its role in the tumour microenvironment may primarily be to inhibit tumour vascularisation and fibrosis and promote cancer progression. To demonstrate the important role of these miRNAs, the Kaplan-Meier Plotter was used to assess the relationship between these five miRNAs and prognostic survival of cancer patients. The results showed that high expression of hsa-mir-3065 (Figure 8A, HR=0.5, p<0.01),hsa-mir-592 (Figure 8B, HR=0.64, p<0.05), hsa-mir-301a (Figure 8C, HR=0.55, p<0.05),hsa-mir-150 (Figure 8D, HR=0.71, p=0.095) was a pancreatic cancer beneficial factor, while high expression of hsa-mir-205 was a risk factor for pancreatic cancer (Figure 8E, HR=1.99, p<0.01). These results demonstrate that we can modulate the miRNA-mRNA regulatory network through miRNAs, thereby altering the state of the tumour immune microenvironment in pancreatic cancer tissues and thereby improving the prognostic survival of pancreatic cancer patients.




Figure 7 | Construction of miRNA-mRNA regulatory network. (A) Differential expression analysis was performed on the Diabetes and no-diabetes subgroups of the TCGA PAAD miRNA dataset to find miRNAs that were significantly different between the two groups.(B) Screening of the intersection of differentially expressed genes from the TCGA PAAD dataset and the GSE79668 dataset. 36 genes that were highly expressed in pancreatic cancer diabetic patients were screened. genes were screened out. (C) Construction of miRNA-mRNA network interactions maps based on differentially expressed miRNAs and mRNAs. (D–F) Functional enrichment analysis of miRNA-mRNA regulatory networks. miRNA-mRNA networks are functionally enriched, mainly in immune and cancer-related signalling pathways. (G) The relationship between miRNAs and cellular infiltration in tumor microenvironment cells (Spearman correlation test, *p < 0.05, **p < 0.01, ***p < 0.001).






Figure 8 | The relationship between miRNA and prognostic survival of PAAD patients. (A–C) High expression of hsa-mir-3065 (HR=0.50, p < 0.01), hsa-mir-592 (HR=0.64, p<0.05) and hsa-mir-301a (HR=0.55, p < 0.05) is a beneficial factor for PAAD. (D) High expression of hsa-mir-150 was a beneficial factor for PAAD, although not significant (HR=0.71, 0.05<p<0.1). (E) High expression of hsa-mir-205 is a high risk factor for PAAD (HR=1.99, p < 0.01).






Discussion

Diabetes mellitus and pancreatic cancer are two interrelated diseases. The results of some studies suggest that diabetes has no significant effect on the duration of OS (5, 30). However, other studies have shown that diabetes significantly reduces OS (31, 32). A recent meta-analysis has shown that diabetes is associated with increased overall mortality in patients with pancreatic cancer and that patient survival also depends on the stage of the tumour and the duration of diabetes (33). These results suggest a complex mechanism for the presence of diabetes in patients with pancreatic cancer.

In this study, we explored differences in the tumour microenvironment between diabetic and non-diabetic pancreatic cancers. We studied two separate datasets with diabetic status in pancreatic cancer patients, from the TCGA-PAAD dataset and the GSE79668 dataset, respectively. After differential analysis, overexpression analysis and GSEA analysis, we found that immune and inflammation-related signalling pathways were activated in the tumour tissues of diabetic pancreatic cancer patients relative to the normal pancreatic cancer patients. The ‘‘hot’’ immune status of pancreatic cancer tumor tissue means higher immune cell infiltration and better prognosis for survival (34). The “hot” immune state in the tumor tissue of diabetic pancreatic cancer patients is most probably due to their diabetes-induced chronic inflammatory response (35). To further explore the composition of the pancreatic cancer tumour microenvironment at the cellular level, we constructed a matrix of immune cell infiltration characteristics of 13 pancreatic cancer microenvironments using single cell sequencing data to analyse the differences in the cellular composition of the tumour microenvironment in diabetic pancreatic cancer patients compared to non-diabetic pancreatic cancer patients. The results showed that CD8Tex scores were higher and Malignant cell scores were lower in diabetic pancreatic cancer compared to normal pancreatic cancer patients. Significant differences were found between the two subgroups. A significant negative correlation was shown between CD8Tex and Malignant. This suggests that immune infiltration of CD8Tex can significantly reduce the malignant progression of pancreatic cancer. It is in general accordance with the pathological section data from the TCGA-PAAD dataset (Supplementary Figure S3). We also found that the mean scores of Acinar cell, B cell and stellate cell were higher in diabetic pancreatic cancer, although less significant. The findings of the tumour microenvironment scores were consistent for both datasets. This non-significance may be caused by the small number of diabetic pancreatic cancer samples. CD8+ cytotoxic T cells are the main functional cells of cellular immunity, which can directly recognize tumour cells and secrete cytotoxic factors such as perforin and granzyme to kill tumour cells (36). A recent systematic appraisal and meta-analysis has shown that high tumour infiltration of T cells in pancreatic cancer promises better survival, and in particular that high infiltration of CD8+ T cells leads to better prognostic outcomes. T-cell infiltration located at the centre of the tumour has the greatest impact on cancer survival (37). Evidence from another study suggests that the spatial distribution of CD8+ T cells in the tumour microenvironment of pancreatic ductal carcinoma has an important impact on prognosis (38). From our results, patients with high CD8+ T cell immune infiltration had better prognostic survival. CD8+ T cells improve prognostic survival by killing malignant tumour cells and thus inhibiting their progression. Although the prognostic survival of diabetic pancreatic cancer patients with high infiltration of CD8+ T cells was not significantly improved in our study, it suggests that the two diseases, diabetes and pancreatic cancer, show a complex pattern of relationship in the tumour tissue of patients with diabetes combined with pancreatic cancer. Furthermore, we found that high infiltration of Malignant and M1 cells correlated highly with prognostic survival in pancreatic cancer. In the TCGA PAAD dataset, immune infiltration of M1 was a high risk factor for pancreatic cancer prognosis in both the diabetic and non-diabetic groups.

We estimated the functional status of T lymphocytes in pancreatic cancer diabetes versus non-pancreatic cancer diabetes using the TIDE computational framework. The results showed that there was no significant difference in the dysfunctional scores of T lymphocytes between the two subgroups, while the immune escape scores of T lymphocytes may have been lower in the diabetic pancreatic cancer group. These findings suggest that T lymphocytes in the tumour microenvironment of diabetic pancreatic cancer patients are not only more infiltrated than in non-diabetic patients, but may also be more functional.

In addition, we constructed a Naïve Bayes classifier using a machine learning approach. This classifier has excellent classification ability to distinguish patients with diabetic pancreatic cancer from those with non-diabetic pancreatic cancer. This classifier could be used to automatically classify pancreatic cancer RNA sequencing data in databases without diabetes status annotation, thereby expanding the sample size for pancreatic cancer diabetes studies. No research team has done anything related to this so far.

Diabetic pancreatic cancer is in a “hot” immune state, and miRNAs may be critical in maintaining such an immune state. Through differential expression analysis, we identified five significantly differentially expressed miRNAs from the TCGA PAAD miRNA expression profile dataset, including hsa-mir-301a, hsa-mir-3065, hsa-mir-205, hsa-mir-592 and hsa-mir-150. The results of the Kaplan-Miere survival analysis show that these genes are prognostically essential in pancreatic cancer.Hsa-mir-301a can promote pancreatic cancer progression by down-regulating the SMAD4 gene (39). Hsa-mir-3065 can affect the growth of melanoma cells through multiple antitumor effects. However, its relevance to pancreatic cancer has been relatively little studied (40). Hsa-mir-205 is a highly conserved miRNA whose regulated genes are mainly involved in tumourigenesis, progression, cellular value-added and epithelial-to-mesenchymal transition processes. miRNA-205 is a potential biologic drug for cancer therapy (41). Gemcitabine combined with miRNA-205 regimen shows promising results in patients with advanced pancreatic cancer (42). High expression of Hsa-mir-592 can promote the value-added migration of colon cancer (43), and mir-592 in serum can be used as an early diagnostic marker for colon cancer (44). Hsa-mir-150 can promote the progression of non-small cell lung cancer by targeting FOXO4 (45). hsa-mir-150 can act as a plasma marker (46) of pancreatic cancer progression and a prognostic marker (47). All these studies have demonstrated the importance of these five miRNAs in the diagnosis and treatment of cancer. via miRNet, we construct miRNA-mRNA regulatory networks for differentially expressed miRNAs and mRNAs. Functional enrichment analysis of the KEGG, Reactome, and GO : BP databases revealed that these genes are closely related to the inflammatory response. Three genes, TLR10, MS4A1, and BTLA, are the hub genes linking the miRNA regulatory module and the mRNA regulatory module. TLR10 is a member of a family encoding toll-like receptors (TLRs) that perform important roles in pathogen recognition and activation of the innate immune system (48). MS4A1, also known as CD20, encodes a B-lymphocyte surface molecule that plays a role in the development and differentiation of B cells into plasma cells. CD20-positive pancreatic cancers with a high degree of B-cell infiltration have a better prognostic survival rate (49). The protein encoded by BTLA (CD272) contains an immunoglobulin (Ig) structural domain and is a receptor that transmits inhibitory signals as well as suppressing immune responses. It has been shown that BTLA can be considered as a prognostic marker for pancreatic cancer (50). In the miRNA regulatory module, we found that the direct targets of action of these miRNAs include a large number of oncogene (e.g. TP53, PTEN, ERBB3, etc.). It illustrates the potential of these miRNAs as gene therapy agents. These results suggest that miRNAs can influence the state of the pancreatic cancer tumour microenvironment through the regulation of their target genes, thereby improving prognostic survival in pancreatic cancer.

In summary, we have discovered differences in the tumour microenvironment between diabetic and non-diabetic pancreatic cancers for the first time and compared the differences between the two at the genetic and cellular levels. The “hot” immune state of diabetic pancreatic cancer may contribute to the reduction of malignant cells in the pancreatic cancer tumour micro-environment, thus affecting the progression and prognosis of diabetic pancreatic cancer.
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Background

Diffuse large B-cell lymphoma (DLBCL) is a heterogeneous group with varied pathophysiological, genetic, and clinical features, accounting for approximately one-third of all lymphoma cases worldwide. Notwithstanding that unprecedented scientific progress has been achieved over the years, the survival of DLBCL patients remains low, emphasizing the need to develop novel prognostic biomarkers for early risk stratification and treatment optimization.



Method

In this study, we screened genes related to the overall survival (OS) of DLBCL patients in datasets GSE117556, GSE10846, and GSE31312 using univariate Cox analysis. Survival-related genes among the three datasets were screened according to the criteria: hazard ratio (HR) >1 or <1 and p-value <0.01. Least Absolute Shrinkage and Selection Operator (LASSO) and multivariate Cox regression analysis were used to optimize and establish the final gene risk prediction model. The TCGA-NCICCR datasets and our clinical cohort were used to validate the performance of the prediction model. CIBERSORT and ssGSEA algorithms were used to estimate immune scores in the high- and low-risk groups.



Results

We constructed an eight-gene prognostic signature that could reliably predict the clinical outcome in training, testing, and validation cohorts. Our prognostic signature also performed distinguished areas under the ROC curve in each dataset, respectively. After stratification based on clinical characteristics such as cell-of-origin (COO), age, eastern cooperative oncology group (ECOG) performance status, international prognostic index (IPI), stage, and MYC/BCL2 expression, the difference in OS between the high- and low-risk groups was statistically significant. Next, univariate and multivariate analyses revealed that the risk score model had a significant prediction value. Finally, a nomogram was established to visualize the prediction model. Of note, we found that the low-risk group was enriched with immune cells.



Conclusion

In summary, we identified an eight-gene prognostic prediction model that can effectively predict survival outcomes of patients with DLBCL and built a nomogram to visualize the perdition model. We also explored immune alterations between high- and low-risk groups.





Keywords: prediction model, immune cell infiltration, nomogram, stratification analyses, diffuse large B-cell lymphoma



Introduction

Lymphoma is the fourth most common cancer and the sixth leading cause of cancer death in the United States (1). Diffuse large B-cell lymphoma (DLBCL) accounts for approximately one-third of all lymphoma cases worldwide (2–4). In the current World Health Organization (WHO) lymphoma classification, about 80% of DLBCL cases are designated as not otherwise specified (NOS) (2). Three molecularly distinct forms of DLBCL have been identified by gene expression patterns, specifically an activated B cell-like (ABC) and germinal center B-cell-like (GCB) types and a small amount were unclassified DLBCL (UC) (5–7). Lymphomas with rearrangements of MYC with BCL2 and/or BCL6 are called “double-hit lymphomas”(DHL) or “triple-hit lymphomas”(THL) (8). There also exist one subtype called “double-expressor lymphomas” (DELs), defined as co-expression of MYC and BCL2 (9). DLBCL comprises a heterogeneous group with pathophysiological, genetic and clinical features (4). Albeit significant efforts have been made to better understand lymphomas, the overall survival (OS) of DLBCL patients remains dismal (5, 10). Accordingly, developing novel prognostic biomarkers for early risk stratification and treatment optimization is imperative.

It is well established that clinical prognosis systems for DLBCL, including the rituximab international prognostic index (IPI), age-adjusted IPI, and NCCN-IPI, use clinical factors for risk stratification of patients (4). Although IPI is easy to apply during clinical practice, it does not fully account for disease heterogeneity (11, 12). An increasing body of evidence suggests that patients with the ABC disease subtype have significantly poorer outcomes with standard up-front rituximab-containing chemoimmunotherapy than patients with GCB disease (13). A survival-related gene prognostic model, in combination with other prognostic indicators such as IPI and cell of origin (COO), might improve our assessment of patient prognosis for individualized treatment.

It is widely acknowledged that the tumor microenvironment (TME) of patients with lymphoma comprises endothelial cells, fibroblasts, adipocytes, and immune cells and is a key factor for tumor initiation and metastasis (14, 15). Several studies have focused on the potential role of the TME, especially the immune status in DLBCL pathogenesis (16, 17). Therefore, it is critical to better characterize the TME to develop the treatments for DLBCL patients (18).

Thanks to high-throughput genome sequencing technique, there had been several studies exploring potential prognostic biomarkers of DLBCL patients on genomic level. Xie et al. for example, investigated the prognostic value of m6A regulators and established an m6A-based prognostic gene signature for DLBCL (19). Feng et al. constructed a 14-gene prognostic signature deriving from immune-related genes for 216 DLBCL patients (20). Luo et al. identified the aging-related genes associated with prognostic value in DLBCL patients (21). In this study, we integrated the transcriptome data from the Gene Expression Omnibus (GEO), The Cancer Genome Atlas (TCGA), and our clinical cohort and constructed an eight-gene signature-based prediction model. Furthermore, we explored the immune alterations in high- and low-risk groups.



Methods and Materials


Collection of Clinical DLBCL Specimens

DLBCL specimens were obtained through biopsy in the First Affiliated Hospital of Zhengzhou University and frozen at −80°C for storage. All participants provided written informed consent for the use of their specimens in this study. Clinicopathological features of 45 DLBCL patients from the First Affiliated Hospital of Zhengzhou University are performed in Supplementary Table 1. The study protocol was approved by the ethics committee of the First Affiliated Hospital of Zhengzhou University (ethics number 2021-KY-0835-001).



Selection of DLBCL Gene Expression Datasets

We systematically explored publicly available DLBCL gene expression datasets with corresponding clinical information of patients from the GEO (https://www.ncbi.nlm.nih.gov/geo/) and TCGA (https://portal.gdc.cancer.gov/) databases. For this study, we gathered a total of 2,335 patients with DLBCL from four cohorts, including GSE117556 (n = 928), GSE10846 (n = 420), GSE31312 (n = 498), and TCGA-NCICCR (n = 489) (Table 1) and our clinical cohort (n = 45). Patients with incomplete transcriptomic data and clinical data were excluded. Ultimately, we included 928 patients from GSE117556, 414 from GSE10846, 470 from GSE31312, and 234 from TCGA-NCICCR. The GSE10846 and GSE31312 datasets used the GPL570 platform, while the GSE117556 dataset used the GPL14951 platform.


Table 1 | Characteristics of the included datasets.





Construction and Validation of Prediction Model

In this study, we used univariate Cox analysis to screen genes related to the OS of DLBCL patients in the GSE117556, GSE10846, and GSE31312 datasets. Genes with hazard ratio (HR) >1 and HR <1 were defined as the risk and protective genes. A p-value <0.01 was the cutoff point. The risk genes and protective genes shared by the three datasets were intersected and combined with Least Absolute Shrinkage and Selection Operator (LASSO) regression and multivariate Cox regression to build the final gene risk prediction model (22). We conducted univariate and multivariate Cox regression analyses using the R package “survival.” Another R package “glmnet” was used for the LASSO Cox regression analysis (23). The risk score (RS) of each sample was calculated by multivariate Cox regression analysis. The correlation analysis was based on the R package “corrplot,” and the forest plots for univariate and multivariate analyses were constructed by R package “forestplot.”



TME Characterization Analysis

We employed two algorithms to assess immune infiltration in DLBCL. CIBERSORT (http://cibersort.stanford.edu/) algorithm was used to obtain the proportion of 22 immune cell types with a threshold of p < 0.05 (24). We applied Single-Sample Gene Set Enrichment Analysis (ssGSEA) to assess the infiltration level of 28 different immune cells in DLBCL expression profile data by the “GSVA” package (25). The R package “ggpubr” was used to visualize differences in the distributions of immune-related cells in the low- and high-risk patient groups from the overall cohort. ”***,” “**,” “*,” and “ns” indicate p < 0.001, p < 0.01, p < 0.05, and not significant, respectively, for the Kruskal–Wallis test.



Quantitative Real-Time Polymerase Chain Reaction

Total RNA was isolated from the specimens harvested using TRIzol reagent (Invitrogen Corporation, Carlsbad, CA, # A33250). The Prime Script RT reagent kit with genomic DNA eraser (TaKaRa, Tokyo, Japan, #RR037A) was used to synthesize complementary DNA (cDNA). Quantitative real-time polymerase chain reaction (qRT-PCR) analyses were detected by SYBR Green Master Mix (TaKaRa), and the primers for qRT-PCR analyses are listed in Supplementary Table 2. The 2−ΔCT method was utilized to calculate the relative mRNA expression of each gene.



Statistical Analysis

Statistical analyses were performed with R (version 3.6.3). The Kaplan–Meier method was used to assess the differences in survival time, and the log-rank test was used to determine the statistical significance. Time-dependent receiver operating characteristic (ROC) curve analysis was used to measure the prognostic performance by comparing the areas under curves (AUC). The nomogram was plotted using the “rms” package (26). The difference in immune infiltration levels between high- and low-risk groups was calculated by Kruskal–Wallis test, and a p-value < 0.05 was statistically significant.




Results


Identification and Validation of a Prognostic Signature

To identify the prognostic signature of DLBCL, we performed a multiple-step analysis (Figure 1). We first screened the GEO database and selected three datasets for univariate Cox proportional hazards regression to identify candidate genes significantly related to OS. We conducted univariate Cox analysis in the GSE117556, GSE10846, and GSE31312 datasets with p < 0.01 as the cutoff value. In total, 1,426, 1,904, and 1,788 candidate protective genes (with hazard ratios (HR) <1) and 890, 2,958, and 2,525 candidate risk genes (with HR >1) were identified in GSE117556, GSE10846, and GSE31312, respectively. A total of 11 genes were candidate protective genes after intersecting the candidate protective genes (Figure 2A). Similarly, after matching the candidate risk genes identified in the three datasets, 13 common genes are retained (Figure 2B).




Figure 1 | Multistep analysis of the study.






Figure 2 | Construction and validation of prediction model. (A, B) Venn diagram shows the common protective and risk genes identified by three datasets. (C–E) Kaplan–Meier analysis for the eight-gene signature in the GSE117556, TCGA-NCICCR, and our clinical cohort, respectively. (F–H) Time-dependent ROC curve analysis of 1, 3, and 5 years in GSE117556, TCGA-NCICCR, and our clinical cohort.



The detailed information on these genes is listed in Table 2. Next, GSE117556 was assigned as the training dataset, and the LASSO was applied to screen the candidate genes, yielding eight genes (Supplementary Figures 1A, B). Ultimately, the HRs of the eight genes were acquired by conducting multivariate Cox regression analysis. The forest plot (Supplementary Figure 1C) showed that HK2, GAB1, GRPEL1, RCSD1, PLAC8L1, and RASAL1 were risk factors (HR >1), and CAPG and PDPN were protective factors (HR <1) for OS. Finally, the following risk score model was established: risk score = 0.271 × HK2 expression + 0.182 × GAB1 expression + 0.172 × RASAL1 expression − 0.254 × CAPG expression − 0.358 × PDPN expression + 0.362 × GRPEL1 expression + 0.370 × RCSD1 expression + 0.177 × PLAC8L1 expression. Each patient was assigned a risk score with the prognostic model. According to the median risk score, patients in the GSE117556 dataset were stratified into high-and low-risk groups. Of the eight-gene prognostic signature, HK2 have the most significant correlation with worse survival. Through analyzing the RT-PCR results deriving from our clinical specimens, We found HK2 had high expressed in high stage DLBCL (Supplementary Figure 2A). To further explore the function of HK2, we first identified genes that correlated with HK2 in the GSE117556 dataset (Supplementary Figure 2B). We then utilized positive and negative correlated genes to perform GO and KEGG enrichment analyses. Results revealed that positive correlated genes were involved in cell cycle (Supplementary Figure 2C) and negative correlated genes were involved in immune response (Supplementary Figure 2D). These results partly reflect genomic differences between high- and low-risk groups.


Table 2 | Detail information of selected common genes in three datasets.



To further verify the predicting model, we analyzed the survival of high- and low-risk groups. Patients in the low-risk group demonstrated a longer survival time than those in the high-risk group (Supplementary Figure 3). Consistently, the Kaplan–Meier curve indicated that patients in the high-risk group had significantly worse prognoses than low-risk patients (log-rank test p < 0.001) (Figure 2C). We further validated the risk score model in the testing dataset GSE 31312 (log-rank test p < 0.001) (Supplementary Figure 4A) and GSE 10864 (log-rank test p < 0.001) (Supplementary Figure 4B), TCGA-NCICCR dataset (log-rank test p = 0.0052) (Figure 2D), and our clinical specimens (log-rank test p = 0.024) (Figure 2E), the results were consistent with the training dataset findings. The predictive power of the risk score model was assessed by time-dependent ROC, which yielded good performance in the above datasets. In dataset GSE117556, the AUC values for 1-, 3-, and 5-year overall survival were 0.7, 0.74, and 0.89, respectively. In TCGA-NCICCR dataset, the AUC values for 1-, 3-, and 5-year overall survival predictions were 0.61, 0.60, and 0.62, respectively. Our clinical cohort yielded AUC values of 0.74, 0.79, and 0.78 for the 1-, 3-, and 5-year overall survival, respectively (Figures 2F–H). In dataset GSE31312, the AUC values for 1-, 3-, and 5-year overall survival were 0.64, 0.7, and 0.74, respectively. In dataset GSE10864, the AUC values for 1-year overall survival were 0.56 (Supplementary Figures 4C, D). The above AUC curves provided an objective validation of the clinical application value of our model.



Validation of the Accuracy of the Risk Score Model

We used GSE117556 as the training dataset to detect the correlation and interdependence between the eight risk genes, which proved that our prognostic signature could minimize data bias caused by gene collinearity (Figure 3A). Using the median risk score as the cutoff point, the training set was classified into low- and high-risk groups. Our results suggest that the risk score model has significant value for evaluating characteristic genes. The eight genes were differentially expressed between the two groups, indicating their role in contributing to the prognosis of DLBCL (Figure 3B). Analysis of validation dataset TCGA-NCICCR yielded consistent results (Figures 3C, D).




Figure 3 | Gene expression in high- and low-risk group. (A) Corrplot shows correlation of eight genes in GSE117556 dataset. (B) Heatmap shows gene expression of eight genes and clinical parameters in high- and low-risk group in GSE117556 dataset. (C) Corrplot shows correlation of eight genes in TCGA-NCICCR dataset. (D) Heatmap shows gene expression of eight genes and clinical parameters in high- and low-risk groups in TCGA-NCICCR dataset.





Validation of Risk Score Model Based on Different Clinical Parameters and Subgroups

It has been established that DLBCL exhibits a significant heterogeneity in cell origin, clinical manifestations, gene expression profiles, and so on. To verify the effectiveness of the risk signature in the existing clinical subgroups, we conducted a series of subgroup analyses on dataset GSE117556. Stratification based on clinical characteristics such as COO, ECOG, MYC/BCL2 double expression, lactate dehydrogenase (LDH) value, age, stage, and gender was conducted. Among those subtypes, patients in the high-risk groups had worse survival outcomes than patients in the low-risk group (log-rank test p < 0.05; Figure 4 and Supplementary Figure 5). These findings validated that our risk model yielded good predictive performance after stratifying for different clinicopathological characteristics.




Figure 4 | KM survival stratification analyses in the GSE117556 dataset. (A) COO subgroup. (B) ECOG stage. (C) Age. (D) Gender. (E) Clinical stage.





The Landscape of Immune Cell Infiltration in the TME of DLBCL

To further explore the potential survival mechanisms related to the risk score model, mRNA data from dataset GSE117556 were first used to detect the proportion of 22 immune cell types in each sample via the CIBERSORT algorithm. As shown in Figure 5A, the proportion of immune cells was significantly different between the high- and low-risk score groups. Compared with the low-risk group, the high-risk group exhibited increased B-cell infiltrations, with less-naive CD4 T cell, T follicular helper cell, M0 macrophages, M1 macrophages, and other proinflammatory cells. Consistent results were obtained when ssGSEA was applied (Figure 5B). In contrast with the high-risk group, tumor-infiltrating lymphocytes (TIL), antigen-presenting cells were significantly enriched in the low-risk groups. We further applied the above two algorithms to the validation dataset TCGA-NCICCR. Similar results were obtained from GSE117556 analysis results. Immune signatures between the high- and low-risk groups were different, and the low-score group was significantly infiltrated with proinflammatory immune cells (Figures 5C, D). In addition, we analyzed immune-related genes between the two groups and further approved the above findings (Supplementary Figure 6).




Figure 5 | Immune estimation in high- and low-risk groups. (A, B) The difference of immune infiltration in high- and low-risk groups estimated by CIBERSORT and ssGSEA in the GSE117556 datasets. (C, D) The difference of immune infiltration in high- and low-risk groups estimated by CIBERSORT and ssGSEA in TCGA-NCICCR datasets. ns, Not Significant; * P < 0.05; ** P < 0.01; *** P < 0.001; **** P < 0.0001.





Validation of the Performance of Our Prediction Model

To evaluate the performance of our risk score model on the prognosis of DLBCL patients, we integrated the clinicopathological characteristics with risk score signatures in different algorithms. As shown in Figure 6A, univariate Cox regression analysis demonstrated that the risk score model was a significant predictor of OS in patients with DLBCL (p < 0.0001, HR = 1.377), compared with other clinicopathological characteristics. Multivariate Cox regression analysis showed that the risk score model was an independent prognostic factor for poor prognosis (p < 0.0001, HR = 1.380) (Figure 6B). Compared with other indicators, the risk score was superior for predicting the patient prognosis (AUC = 0.820) (Figure 6C). Finally, we established a nomogram based on the above clinical parameters to predict patient prognosis quantitatively. Accordingly, our nomogram has huge prospects for clinical application for predicting the OS of individual DLBCL patients (Figure 6D).




Figure 6 | Risk score is a superior biomarker for evaluating the prognosis of DLBCL. (A, B) Forest plot summary of the univariate and multivariable analyses of risk score and other clinical parameters. (C) ROC analysis of risk score and other clinical parameters. (D) Nomogram integrating the risk score and clinical parameters for predicting the probability of patient mortality at 1, 3, and 5 years of OS.






Discussion

Notwithstanding that unprecedented scientific progress has been achieved over the years, the survival of DLBCL patients remains relatively low. In this regard, the cure rate of DLBCL ranges from 40% to 60% following standard frontline immunochemotherapy (5). However, a poor prognosis has been reported for patients with refractory disease, those who relapse after salvage chemotherapy and autologous stem cell transplant or chimeric antigen receptor T-cell therapy, highlighting the need for novel therapeutic approaches (27, 28). Indeed, good prediction models, like good therapies, are best compared head-to-head in novel patient populations (29). Therefore, developing a novel prognostic model in combination with other prognostic indicators IPI and COO might be necessary to assess the patient prognosis for individualized treatment. In recent years, an increasing number of studies have been conducted to identify novel prognostic indicators. For instance, Schmitz et al. applied exome and transcriptome sequencing methods on 574 DLBCL biopsy samples to construct a new genetic subtype for DLBCL classification to guide therapy (30). Han et al. demonstrated that piRNA-30473, which promotes DLBCL progression by regulating m6A RNA methylation in DLBCL, can improve the prognostic stratification and therapeutic approach (31). With the development of next-generation sequencing, many prognostic cancer models have been established in recent years (32–34) based on public transcriptomic databases such as the GEO and TCGA datasets.

The present study explored DLBCL gene expression datasets with corresponding clinical information of patients from the GEO to identify candidate genes that were significantly related to OS. After performing univariate Cox proportional hazards regression analysis, 11 protective and 13 risk genes were identified. Finally, we constructed an eight-gene prognostic signature through the LASSO method and multivariate Cox regression analysis. There had been several previous studies that were consistent and corroborated with the prognostic value of our risk score model. For example, HK2, GAB1, and RASAL1 were risk genes in our model. HK2 is known to be a key metabolic enzyme by promoting glucose uptake in cells and facilitating the Warburg effect. HK2 had been explored as a major player in helping maintain the highly malignant state in many types of cancer (35–37). Bhalla et al. also provided strong support for the direct contribution of HK2 in B-cell lymphoma development and suggested that HK2 is a key metabolic driver of the DLBCL phenotype (38). GAB1, which is widely distributed in various body tissues, is capable of promoting cell proliferation, and its expression may enhance the carcinogenesis and cancer progression (39, 40). Chang et al. clarified that RASAL1 was increased in ovarian adenocarcinoma tumorous tissues and HEY cells, which correlated with poor prognosis in ovarian adenocarcinoma patients (41). Kaplan–Meier analysis demonstrated that the risk model could predict the outcome for patients with DLBCL in training, testing, and validating datasets. Similar conclusions were reached when our clinical cohort data were applied. ROC curve analysis consistently indicated the good performance of our risk model. We then conducted correlation analysis to evaluate the collinearity among the eight prognostic genes. Importantly, we found that the correlation among these genes was low, suggesting that the regression coefficients of this model were reliable and stable (42).

At present, different approaches are adopted in clinical practice to evaluate the occurrence and development of DLBCL at different levels, including gene expression patterns (ABC, GCB, UC), ECOG, IPI, DELs, LDH, age-adjusted IPI, gender, stages, and so on. Patients with the GCB subtype, for example, usually have a better prognosis than the ABC subtype (6, 43). It has been established that DELs are generally aggressive and respond poorly to currently available therapies (9, 44, 45). Moreover, IPI and age-adjusted IPI have been developed as models for predicting outcomes based on clinical factors from more than 4,000 patients (46, 47). However, despite overall improvements in DLBCL patient outcomes, 30%–40% of patients develop relapsed or refractory disease (48). In the present study, after stratification based on clinical characteristics such as gene expression patterns (ABC, GCB, UC), ECOG, IPI, DELs, LDH, age-adjusted IPI, gender, and Ann Arbor stages, the difference in OS between the high- and low-risk groups was still statistically significant. This finding suggests that our model can be combined with existing clinical parameters to reduce false positives and negatives, improve diagnostic accuracy, and provide effective treatment.

An increasing body of evidence suggests that the TME affects the prognosis of DLBCL patients. Lenz et al. analyzed gene expression in 181 pretreatment biopsy specimens derived from DLBCL patients and found that the survival of patients with DLBCL was affected by immune cells, fibrosis, and angiogenesis in the tumor microenvironment (49). Mueller et al. also demonstrated that DLBCL recruited T cells and monocytes via CCL5 to support B-cell survival and proliferation (50). By immunohistochemical staining, Chang et al. showed the presence of CD1a+ dendritic cells (DCs) and increased granzyme B+ T cells within tumors was associated with a favorable prognosis (51). It has been established that M1 cells play a proinflammatory and anticancer role in the TME of DLBCL, while M2 type plays an immunosuppressive role to promote cancer progression (47, 52, 53). Herein, we used two algorithms to evaluate the TME of patients with DLBCL and found that patients in the high-risk score group exhibited significant B-cell infiltration with mild infiltration of M0, M1, CD8+ T cells, and DCs. Our results suggest the presence of an immunosuppressive TME in patients from the high-risk group leading to cancer progression. Finally, we evaluated the potential value of applying our risk score model to clinical practice. Based on the results of univariate regression analysis, multivariate regression analysis, and nomogram, our model has huge prospects for application in clinical practice.

However, our study was significantly limited by its retrospective nature as DLBCL samples were from different platforms, which may be a source of sampling bias. Well-designed prospective clinical trials should be conducted in the future to highlight the role of our prediction model in DLBCL progression and metastasis.



Conclusions

In summary, this study identified an eight-gene prognostic signature that can effectively predict DLBCL patient outcomes. The eight-gene prognostic model related to TME in combination with other prognostic indicators IPI and COO might be useful to clinicians when evaluating the prognosis of patients for individualized treatment.
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Supplementary Figure 1 | Selection of genes for constructing predicting model. (A) LASSO coefficient profiles of 24 genes. (B) Partial likelihood deviance plot. (C) Forest plot shows the multivariable Cox regression analysis of eight genes.

Supplementary Figure 2 | Exploring function of HK2. (A) RT-PCR analysis showing HK2 expression stage I+II and III+IV. (B) Correlation analysis of HK2. (C) GO enrichment analysis of negative and positive correlated genes. (D) KEGG enrichment analysis of negative and positive correlated genes.

Supplementary Figure 3 | Survival information of the patients between high- and low-risk group. (A) The correlation of risk score and patient numbers. (B) The correlation of risk score and survival time.

Supplementary Figure 4 | Validation of prediction model in testing set. (A, B) Kaplan-Meier analysis between high and low risk group in GSE31312 and GSE10864 datasets. (C, D) ROC curve analysis of GSE31312 and GSE10864 datasets.

Supplementary Figure 5 | KM survival stratifcation analyses in GSE117556 dataset. (A) MYC/BCL2 expression. (B) LDH level.

Supplementary Figure 6 | Expression of immune-related genes in high and low risk group. (A, B) Boxplot showed difference of immune-related genes in high and low risk group in GSE117556 and TCGA-NCICCR dataset, respectively.
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This study aimed to address the dilemma of low peripheral blood-derived mesenchymal stromal cell (PBMSC) activity and reduced phenotype in bone or cartilage tissue engineering. Rat PBMSCs (rPBMSCs) were obtained by density gradient centrifugation, and stromal cell characteristics were confirmed by flow cytometry (FCM) and multi-differentiation potential induction experiments. Cell growth curve, viability experiments, and clone formation experiments were performed by [3-(4,5-dimethylthiazol-2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)-2H-tetrazolium] (MTS) and cell counting, and the cell cycle was confirmed by cell FCM. The proliferation signal pathway and stemness-related proteins were detected by molecular methods including Western blot and real-time polymerase chain reaction. CD73, CD90, and CD105 were highly expressed, and CD14, CD19, CD34, CD45, and HLA-DR were barely expressed in rPBMSCs. rPBMSCs possessed the potential to differentiate into chondrocytes, adipocytes, and osteoblasts under their respective induction conditions. Cell growth curve and viability experiments were performed under hypoxic conditions: 19% O2, 5% O2, and 1% O2. Specifically, 5% O2 accelerated the proliferation and expression of the stemness of PBMSCs. Cycle experiments proved that hypoxia promoted the cell transition from the G1 phase to the S phase. Molecular experiments confirmed that 5% O2 hypoxia significantly elevated the expressions of hypoxia-inducible factor 1α and β-catenin and simultaneously the expressions of cycle-related genes including CyclinE/CDK2 and stemness-related genes including Nanog and SOX2. The appropriate concentration of hypoxia (i.e., 5% O2) enhanced the proliferation and stemness of rPBMSCs and increased the multidirectional differentiation potential of stromal cells. The proposed culture method could improve the viability and maintain the phenotype of rPBMSCs in cartilage or bone tissue engineering.
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Introduction

In recent years, mesenchymal stromal cells (MSCs) derived from adults have been widely used not only for bioregenerative tissue engineering but also for pathophysiological research and cell and gene therapy of bone diseases (1–4). Many studies have confirmed that bone marrow-derived MSCs are a relatively stable source, but the low yield and traumatic source of stromal cells had limited preclinical and clinical applications (5, 6). In recent literature, the applications of peripheral blood-derived MSCs (PBMSCs) in tissue engineering have attracted increasing attention because of their relatively easy collection, abundant sources, and multilineage differentiation potential (7, 8).

The committee of the International Society for Cellular Therapy standardized the criteria for defining human MSCs for basic and preclinical research. That is, cells can adhere and the MSC population must positively express CD105, CD73, and CD90 and negatively express CD45, CD34, CD14 or CD11b, CD79a or CD19, and HLA-DR. MSCs also have the potential to differentiate into chondrocytes, osteoblasts, and adipocytes (9). When many cells are needed for research or clinical applications, PBMSCs can take on this important task (10, 11). However, the reduced activity of PBMSCs cultured in vitro and phenotype loss easily limit this demand (11). Therefore, the key to cartilage tissue engineering is to provide phenotype-maintaining MSCs expanded in vitro. Some growth factors or physical factors, such as basic fibroblast growth factor (bFGF) (12), transforming growth factor-β (TGF-β) (13), and oxygen level (14), play a decisive role in stromal cell survival or proliferation. Thus, TGF-β, bFGF, and oxygen levels have affected stromal cell survival or proliferation (12–14). Hypoxia is a simple and easy-to-operate strategy with few side effects. The exposure of MSCs to a hypoxic environment for a moderate time could enhance cell survival characteristics and tissue repair capabilities, and this conclusion was confirmed by recent studies (15). To enhance the therapeutic effect, several studies have conducted hypoxic pretreatments in many disease-related organs and tissues, such as cardiomyocytes (16). In the literature, compared with normoxic conditions, a hypoxic condition significantly promotes MSCs to further express Oct4, cMyc, Nanog, and SOX2. Simultaneously, hypoxia-cultured MSCs exhibited a better growth trend and a higher proportion of S phase cells than normoxia-cultured MSCs (14–16).

Oxygen gradients derived from the bone marrow niche create hypoxic conditions for stromal and stem cells (17). Hypoxia strongly affects several aspects of cell biology, such as angiogenesis, innate immunity, cell proliferation, and stemness (18). The effects of hypoxia on stem cells are usually mediated by HIF-1α and HIF2α (19). The literature reported that incubation of umbilical cord derived mesenchymal stem cells (UC-derived MSCs) with different concentrations of oxygen resulted in increased cell proliferation under hypoxia. In this case, significant levels of HIF-1α could be observed in hypoxic MSCs cultured in 2.5% or 5% O2 (20). Hypoxia-inducible factor 1α (HIF-1α), as a pivotal transcription factor regulating stress and adaptive responses to oxygen concentration (21), usually interacts directly with numerous proteins to regulate its function (22–24). Most classically, differentiation, proliferation, angiogenesis, and migration are directly correlated with HIF-1α and β-catenin (25–27). However, how HIF-1α is expressed in PBMSCs and how it regulates the maintenance of stemness and cell proliferation remain unclear.

This study hypothesized that hypoxia could promote the proliferation and differentiation of rPBMSCs by activating the expressions of HIF-1α, β-catenin, proliferative-related genes, and stemness-related genes. Thus, this study examined the ability of rPBMSCs to proliferate and maintain MSC phenotypes under different concentrations of oxygen in vitro culture to explore the effects and mechanisms of hypoxia on the maintenance of rPBMSC proliferation and stemness.



Materials and Methods


Isolation and Culture of rPBMSCs

The animal ethics committee of Guangzhou Red Cross Hospital approved the research. Following previously published methods (28), a 3 cm × 3 cm wound was made on the back skin of the rats. The wound was disinfected every day, and the rats were provided with enough food and water to ensure their normal activities and survival. After 1 week, 0.8% pentobarbital was injected into the abdominal cavity of these animals for anesthesia. After anesthetization, approximately 5 mL of abdominal aortic blood was collected using a fine-needle approach, and the blood sample was diluted to 1:1 by PBS. Mononuclear cells (MNCs) were separated and collected with Ficoll separation solution (GBCBIO Technologies, Guangzhou, China) and centrifuged at 2000 rpm for 35 min. The middle layer was pipetted with a thin tube and washed twice with phosphate-buffered saline (PBS). MNCs (2×106/mL) were seeded onto the T-25 flask with 10 mL of complete Dulbecco’s Modified Eagle Medium (Gibco, MA). The complete medium contained 1% penicillin/streptomycin (Gibco), 20 ng/mL bFGF (R&D Systems, MN), and 20% fetal bovine serum (Gibco). With 21 days of culture, the cell convergence was 80%, and the third-generation cells digested by 0.25% trypsin were used for subsequent experiments. Representative bright-field images were captured by an inverted phase-contrast microscope (Nikon ECLIPSE Ts2, Nikon).



Immunophenotype Analysis of rPBMSCs

The cell immune phenotypes of third-generation PBMSCs (P3 PBMSCs) were identified by flow cytometry (FCM). CD73, CD105, and CD90 (R&D Systems, US) were selected as positive markers of rPBMSCs, whereas CD14, CD19, CD34, CD45, and HLA-DR (BD biosciences, US) were chosen as negative markers of rPBMSCs. rPBMSCs (2×105 cells/mL) were resuspended in PBS and mixed in CD14, CD19, CD34, CD45, CD73, CD90, CD105, and HLA-DR antibody solutions for 30 min, and the cell samples were then loaded on the machine for analysis.



Cell Cycle Distribution Assay

rPBMSCs treated under normoxic and hypoxic (5% O2) conditions for 24 h were collected, and rPBMSCs were then fixed with 70% (V/V) ethanol overnight. Moreover, 50 μg/mL propidium iodide (PI) (Beyotime Biotechnology, Shanghai, China) was diluted by PBS solution containing 1% Triton X-100. Cells were fully infiltrated in the freshly prepared PI solution for 30 min and were analyzed by a BD FACScan flow cytometer (BD Company, CA).



Multilineage Differentiation Potential Assay

P3 rPBMSCs were seeded into a 24-well plate at a density of 2 × 104/well and cultured at 37°C in an incubator with 5% CO2. When the cells grow to 70% confluence, chondrogenesis induction, osteoinduction, and adipogenesis tests were performed. For chondrogenesis, cells were induced for 21 days in a chondrogenesis induction medium kit (RAXMX-90041, Cyagen Biosciences, US). The differentiation was evaluated by alcian blue staining. For osteogenesis, the cultures were induced with an osteogenesis induction medium kit (RAXMX-90021, Cyagen Biosciences, CA). After culture for 21 days, alizarin red staining was performed to evaluate the osteogenic products. For adipogenesis, cells were induced for 21 days in an adipogenesis induction medium kit (RAXMX-90031, Cyagen Biosciences). The formation of lipid vacuoles was assessed by Oil Red O staining. All images were captured under an inverted phase-contrast microscope (Nikon ECLIPSE Ts2, Nikon).



Multilineage Differentiation Potential of rPBMSCs Cultured Under Normoxic (21% O2 and 5% CO2) or Hypoxic (5% O2 and 5% CO2) Conditions

P3 rPBMSCs were seeded into a 24-well plate at a density of 2 × 104/well and cultured at 37°C in a 21% O2 and 5% CO2 incubator or a 5% O2 and 5% CO2 incubator. The induction medium and experimental procedures performed in the subsequent experiments were the same as the methods described in “Multilineage Differentiation Potential Assay.”



Determination of the Growth Curve of rPBMSCs and the MTS Assay

P3, P5, and P6 rPBMSCs (2× 103/well) were inoculated in microplates (24-well) in 5% CO2 incubators with a gradient concentration of oxygen at 37°C. The experiments were set up as the control group (21% O2 and 5% CO2), 19% O2 and 5% CO2 hypoxia group, 5% O2 and 5% CO2 hypoxia group, and 1% O2 and 5% CO2 hypoxia group, with three replicate wells in each group. Starting from the next day, each group of cells was digested and counted accurately with a cell counter at each time point (Days 1–8). The growth curves of each cell group were made according to the number of cells. For the MTS assay, the above-mentioned groups of cells were planted on the well plate after Day 8, and the absorbance was measured at 450 nm by a multifunctional microplate reader (BioTek, US).



Assessment of Population Doubling Levels

After the cells reached 80-90% confluency, cells were passaged and counted. Calculate the cumulative population doubling (CPD) value using the following formula (29):

	

CPD was plotted against time in culture and performed in triplicate for each counting procedure.



Assay for Colony Formation

Moreover, 500 rPBMSCs were cultured in 6-well plates in an incubator capable of adjusting oxygen concentration for 14 days. After fixation with paraformaldehyde for 15 min, 1 mL of crystal violet staining solution was added to the culture plate for staining clones for 30 min. Under an inverted phase-contrast microscope (Nikon ECLIPSE Ts2, Nikon), the number of clones containing more than 50 cells was counted.



Western Blot

rPBMSCs were collected after normoxic and hypoxic (5% O2) treatments for 5 days, and whole-cell lysates were prepared for Western blotting in radioimmunoprecipitation assay buffer. Then, 30 μg of protein was loaded into the sample well, dispersed in the gel according to the molecular weight, and directly transferred to the poly(vinylidene fluoride) membrane (Bio-Rad, CA) in a band-to-band manner through the semi-dry transfer method. The membranes were immersed in a square dish filled with primary antibody diluent. These antibodies (HIF-1α, 36169; β-catenin, 8400; SOX2, 3579; CyclinE, 4132; Nanog, 8822; GAPDH [glyceraldehyde 3-phosphate dehydrogenase], 5174) were purchased from Cell Signaling Technology (MA), and when used, the dilution ratio was 1:1000. On the next day, membranes were incubated with secondary anti-rabbit/mouse IgG, HRP-linked antibody (#7074/7076, 1:3000, Cell Signaling Technology). The electrochemiluminescence detection mixture was used to detect the protein on the membranes. ChemiDoc XRS imaging system with Image Lab software (Bio-Rad) was used to analyze the graphs.



Immunofluorescence Microscopy

Furthermore, 104/well rPBMSCs were seeded in glass slides placed in plates treated under normoxia and hypoxia (5% O2) for 5 days. After sequential fixation, blocking, incubation of primary (β-catenin,1:200, 8242, Cell Signaling Technology; HIF-1α, 1:200, #36169, Cell Signaling Technology) and secondary (1:200, ZF0311, OriGene Technologies, MD) antibodies, a fluorescence microscope (Ti2-U, Nikon) was used to observe and capture pictures of interest.



Real-Time Polymerase Chain Reaction (PCR)

The culture method of rPBMSCs was the same as with Western blot. Total RNA obtained by the TRIzol method was reversed into cDNA in the PrimeScript RT Master mix reaction system (Takara Bio, Japan). With reference to the instructions, SYBR-Green reagent (Takara Bio) was used to perform real-time PCR in triplicate in a fluorescence quantitative PCR instrument (Jena, Germany). GAPDH was used as a control to analyze relative gene expression in the 2-ΔΔCt formula (30). Primer sequences are presented in Table 1.


Table 1 | Sequences of primers used for gene amplification.





Statistical Analysis

Data in three replicates are presented as mean ± standard deviation. Student’s t-test or one-way analysis of variance was used to analyze differences between the two groups and among multiple groups; P < 0.05 was used to mark significant differences.




Results

In this study, rPBMSCs were successfully isolated and cultured. Stromal cell characteristics were proved by FCM and multi-differentiation potential induction experiments. The cell growth curves of P3, P5, and P6 rPBMSCs cultured under different oxygen concentrations were drawn based on the number counted at each time point. Then, the 5% hypoxia condition that significantly promoted cell growth was used for subsequent experiments. Hypoxia (5%) significantly increased the number of stromal cell clones and the proportion of S phase cells. Real-time RCR and Western blot results revealed that hypoxia (5%) significantly promoted the expressions of HIF-1α, β-catenin, and proliferation-related and stemness-related genes.


Characterization and Identification of rPBMSCs

On the day after inoculation, round or polygonal adherent cells were observed in the primary culture. After 7 days, colonies gradually formed. After approximately 16 days, the cell coverage area was 70%–80% of the bottom of the culture flask. At approximately 21 days later, the cell growth reached 100% (Figure 1A). Flow cytometry experiments revealed that rPBMSCs had high expression of CD73, CD90, and CD105, extremely low expressions of CD14, CD19, CD34, CD45, and HLA-DR (Figure 1B). Oil Red O staining indicated that rPBMSCs can differentiate into adipocytes embellished by red-stained lipid droplets. Alician blue staining demonstrated that after 21 days of induction, rPBMSCs could differentiate into chondrocytes embellished by blue-stained proteoglycans. Alizarin red staining presented that rPBMSCs could differentiate into osteoblasts embellished by red-stained bone nodules under osteogenic conditions (Figure 1C).




Figure 1 | Characteristics of rPBMSCs. (A) Morphology of rPBMSCs cultured for 1 day, 7 days, and 21 days. (B) Immunocytochemical staining demonstrated a positive expression of CD73, CD90, and CD105 and negative expressions of CD14, CD19, CD34, CD45 CD45, and HLA-DR. (C) Multilineage differentiation capacities of rPBMSCs. Magnification, 200×. rPBMSCs, rat peripheral blood-derived mesenchymal stromal cells.





Hypoxia Promoted rPBMSC Growth and Proliferation

The results of the experiments are displayed in Figures 2A, B. In the first 2 days of culture, different concentrations of O2 had no noticeable effects on the proliferation of third-generation PBMSCs (P3 rPBMSCs), fifth-generation PBMSCs (P5 rPBMSCs), and sixth-generation PBMSCs (P6 rPBMSCs). After 3 days, hypoxia (5% O2) significantly increased the number of cells and proliferation rate of P3, P5, and P6 rPBMSCs. After 8 days, the cells approached the plateau stage. At this time, the number of P3 rPBMSCs in the control group, 19% O2 hypoxia, 5% O2 hypoxia, and 1% O2 hypoxia groups were 55 × 103, 70 × 103, 96 × 103, and 71 × 103, respectively. Statistical analysis showed that compared with the number of P3 rPBMSCs in the control group, those in the 19% O2 hypoxia, 5% O2 hypoxia, and 1% O2 hypoxia groups were increased significantly (P < 0.05). Compared with 19% O2 hypoxia and 5% O2 hypoxia, 1% O2 hypoxia further increased the number of P3 rPBMSCs (P < 0.05). Similar to the growth curve, 5% O2 hypoxia significantly promoted the absorbance of P3 rPBMSCs seeded at Day 8. The CPD curve of P6 PBMSCs proved that the CPD value of PBMSCs in the 5% hypoxia group was significantly higher than that in the normoxia group. Compared with the normoxia group, the CPD values for P6 PBMSCs in the 19% O2 hypoxia and 1% O2 hypoxia groups did not change significantly on Day 7. The shape of the growth curve and viability of P5 and P6 rPBMSCs were similar with those of P3 rPBMSCs, but the amounts of rPBMSCs and optical density values of P5 and P6 on Day 8 were lower than those of P3 rPBMSCs. Based on the cell growth curve and MTT assay results, 5% O2 hypoxia was selected for subsequent experiments. As presented in Figures 2C, D, 5% O2 hypoxia significantly promoted the formation of rPBMSC colonies. The number of rPBMSC colonies in the 5% O2 hypoxia group was increased by 53% compared with that in the control group (P < 0.05).




Figure 2 | Effect of hypoxia on rPBMSC proliferation. (A) The cell growth curves of third-generation PBMSCs (P3 PBMSCs), fifth-generation PBMSCs (P5 PBMSCs), and sixth-generation PBMSCs (P6 PBMSCs) were drawn based on the number of cells counted at each time point, the cumulative population doubling curve of sixth-generation PBMSCs (P6 PBMSCs) was determined based on cell culture time. (B) Absorbance of P3, P5, and P6 rPBMSCs treated under normoxia and hypoxia (5% O2) at Day 8. (C) Hypoxia increased the number of rPBMSC colonies. (D) Measurement of the number of colonies in each group. All data are presented as means ± SEM. P < 0. 05; ∗ vs control group. rPBMSCs, rat peripheral blood-derived mesenchymal stromal cells.





Hypoxia Promoted Cell Cycle Transition and Maintained the Trilineage Differentiation Capacity of rPBMSCs

FCM was used to investigate the cell cycle transition of rPBMSCs treated under normoxia and hypoxia (5% O2). Hypoxia exerted a significant increase and decrease in the number of S phase and G1 phase cells, respectively (Figures 3A, B). Moreover, 5% O2 hypoxia increased the percentage of rPBMSCs in the S phase from 27.26% to 46.32% (P < 0.05) and reduced the percentage of rPBMSCs in the G1 phase from 58.24% to 47.19% (P < 0.05). These data indicated that 5% O2 hypoxia increased the DNA synthesis and cell cycle of rPBMSC progression at the S phase. After 21 days of culture with a differentiation agent under hypoxia or normoxia, the effect of hypoxia on the pluripotency of rPBMSCs was investigated. Figure 3C illustrates that hypoxia increased the ability of induced cells to differentiate into three lines, including osteoblasts, chondrocytes, and adipocytes.




Figure 3 | Hypoxia promoted cell cycle transition and maintained the trilineage differentiation capacity of rPBMSCs. (A, B) Hypoxia promoted cell cycle transition, as determined by flow cytometry. (C) rPBMSCs were cultured under normoxia and hypoxia (5% O2) for chondrogenic differentiation, osteogenic differentiation, and adipogenic differentiation for 21 days. Magnification, 200×. Arrows indicate lipid droplets, proteoglycans, and calcium nodules. rPBMSCs, rat peripheral blood-derived mesenchymal stromal cells.





Hypoxia Activated the Expression of β-Catenin and HIF-1α in rPBMSCs

As displayed in Figure 4A, 5% O2 hypoxia significantly increased the HIF-1α (red) nuclei expression in rPBMSCs, compared with the control rPBMSCs. Simultaneously, the nuclei expression for β-catenin (green) in rPBMSCs was also upregulated significantly with 5% O2 hypoxia. Immunohistochemistry results (Figure 4B) that 5% O2 hypoxia stimulated the upregulation of HIF-1α and β-catenin expressions are consistent with the promotion of HIF-1α and β-catenin stabilization and nuclear translocation in immunofluorescence experiments (Figures 4C, D).




Figure 4 | Immunoassay of HIF-1α and β-catenin in rPBMSCs under normoxia and hypoxia (5% O2). (A) Nuclear expression of HIF-1α (red) and β-catenin (green) in rPBMSCs treated under normoxia and hypoxia (5% O2) for 5 days. (B) Nuclear expression of HIF-1α (brown) and β-catenin (brown) in rPBMSCs treated under normoxia and hypoxia (5% O2) for 5 days. (C, D) Quantitative analysis of HIF-1α (brown) and β-catenin (brown) in rPBMSCs in panel (B). Magnification, 200×. All data are presented as means ± SEM. P < 0. 05; ∗ vs control group. rPBMSCs, rat peripheral blood-derived mesenchymal stromal cells; HIF-1α, hypoxia-inducible factor 1α.





Hypoxia Intensified the Expression of Cycle-Associated Genes and Stemness Genes in rPBMSCs

For the objective investigation that hypoxia regulated the self-renewal and stemness of rPBMSCs, pluripotency factors and Cyclin E/CDK2 were primarily selected as indicators. Compared with normoxia, hypoxia significantly triggered upregulation of mRNA and protein expression for β-catenin, CDK2, and Cyclin E in rPBMSCs (Figures 5A–C). Moreover, the mRNA and protein expressions of HIF-1α, Nanog, and SOX2 were significantly increased by hypoxia (Figures 5D–F).




Figure 5 | Hypoxia regulates the expressions of cycle-related and self-renewal-related molecules. (A–C) mRNA and protein expression levels of β-catenin, Cyclin E, and CDK2 in rPBMSCs treated under normoxic and hypoxic (5% O2) conditions for 5 days. (D–F) mRNA and protein expression levels of HIF-1α, Nanog, and SOX2 in rPBMSCs treated under normoxic and hypoxic (5% O2) conditions for 24 h. All data are presented as means ± SEM. P < 0. 05; ∗ vs control group. rPBMSCs, rat peripheral blood-derived mesenchymal stromal cells; HIF-1α, hypoxia-inducible factor 1α.






Discussion

As a typical representative of adult pluripotent stromal cells, PBMSCs provide various possibilities for clinical application and transformation in the field of regenerative medicine (31). PBMSCs are abundant in the body and have strong proliferation and self-renewal ability, as well as the potential to differentiate into multiple cell types (32). However, some problems and obstacles are still encountered in the application and transformation of MSCs in cartilage tissue engineering, including the reduced activity and phenotype of seed cells in vitro (33). Thus, this study aimed to determine a hypoxic culture method that allows PBMSCs to maintain their ability to proliferate and self-renew during expansion in vitro. For this reason, this study mainly focused on three aspects, namely, (1) successful isolation, culture, and identification of rPBMSCs; (2) proliferation, phenotype maintenance, and differentiation potential of hypoxia-treated rPBMSCs; and (3) proliferation- and phenotype-related gene expressions of hypoxia-treated PBMSCs. This study proposes a culture method that is conducive to maintaining self-renewal and proliferation capabilities to ensure cell yield and long-term expansion.

In this study, rPBMSCs were successfully isolated and cultured, and third-generation rPBMSCs were selected for FCM for phenotypic identification. rPBMSCs did not express CD45, CD34, CD14, CD19, and HLA II, but highly expressed CD73, CD90, and CD105, indicating that the rPBMSCs had stromal cell performance, without other surface antigen markers (34, 35). Successfully isolated rPBMSCs positively expressed CD90, CD73, and CD105. Cell growth curve determination and cell cloning experiments revealed that 5% O2 hypoxia can significantly promote the formation of clones and the rapid proliferation of PBMSCs. Many recent studies have reported that an appropriate hypoxic condition can significantly stimulate the proliferation of MSCs and PBMSCs, which is consistent with the results of the present study. The recent studies confirmed hypoxia accelerated proliferation of PBMSCs, increased migration of PBMSCs, and reduced PBMSC differentiation into osteoblasts by increasing Notch1 expression (36). In our study, four oxygen concentration gradients were set up to more rigorously explore the effects of various oxygen concentrations on the proliferation and stemness of PBMSCs, as well as the role of HIF-1α pathway in the proliferation and stemness maintenance of PBMSCs.

Other studies have also reported that hypoxia promotes the proliferation of cord blood derived MSCs without changing the cellular immune phenotype (37). In this study, hypoxia significantly promoted the transition of PBMSCs from the G1 phase to the S phase. Since the S phase is an important stage of cell DNA synthesis (38, 39), under hypoxic conditions, PBMSCs pass the G1/S phase checkpoint and enter the DNA synthesis phase. Moreover, a study revealed that hypoxia can drive cells into the cell cycle and promote the expression of cyclins and related kinases to drive umbilical cord derived MSCs through cell cycle checkpoints, thereby promoting DNA synthesis (40).

HIF-1α is an extremely critical transcription factor, which is strongly induced during hypoxia and adapts to hypoxic tension (41). Studies have reported that HIF-1α causes cell cycle arrest in the G0/G1 phase through p27 expression (42); however, under different cell environments, HIF-1α activation can demonstrate varying results by affecting various aspects of cell biology (39). The present study presents that upregulating the expression of HIF-1α under 5% hypoxia can increase the proportion of rPBMSCs in the S phase. β-catenin is a typical cytoplasmic protein, as part of the classic Wnt signaling, which plays a role in cell adhesion (43). β-catenin coactivated LRH-1 on the cyclin E1 promoter and induced G1 cyclin-mediated cell proliferation, Cyclin E interacts with CDK2 to control the G1/S phase transition (44). In this experiment, after hypoxic treatment of rPBMSCs, the transition of cells from the G1 phase to the S phase and the activation of Cyclin E/CDK2 indicated that hypoxia may regulate the cell cycle position to control the self-renewal of rPBMSCs. Similar reports have suggested that HIF-1α promotes cell vitality and proliferation of MSCs (45, 46).

The expression of stemness markers was observed under hypoxic conditions. The significant role of low oxygen in altering the characteristics of various types of stromal cells was previously investigated (47). A study suggested the upregulation of stemness genes such as OCT4 and Nanog of BMSCs cultured in 1% oxygen (48). Similar results were observed in the present study, where the expressions of Nanog and SOX2 of rPBMSCs under 5% oxygen conditions were promoted, indicating that the stemness of rPBMSCs was enhanced by a hypoxic environment. The inhibition of senescence of MSCs suggests the increased expression of pluripotency markers (49). In this study, hypoxia-treated rPBMSCs demonstrated a higher differentiation potential, including cartilage, osteogenic, and adipogenic potentials compared with normoxia-treated cells. However, the control of hypoxia on stromal cells involves transcription factors such as HIF-1α and β-catenin. However, further research is needed to understand how HIF-1α and β-catenin regulate and interact with each other.



Conclusion

In summary, the stemness, proliferation, and self-renewal potential of hypoxia-treated rPBMSCs were enhanced. Therefore, conditional hypoxia (5%) culture can be used as a convenient strategy to maintain the function of rPBMSCs. The general process and conclusions of this study are clearly illustrated in Figure 6.




Figure 6 | Mechanism of hypoxia-promoted proliferation and stemness of rPBMSCs.
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Osimertinib, a third-generation epidermal growth factor receptor tyrosine kinase inhibitor (EGFR-TKI) first-line therapy, has shown good clinical outcomes in non-small cell lung cancer (NSCLC), but some serious adverse events such as cardiotoxicity have also been reported. Here, we present the first NSCLC case with osimertinib-induced cardiac failure. The case is successfully being treated by switching to another third-generation TKI, aumolertinib. A 62-year-old non-smoking woman was initially diagnosed with stage cT2aN2M1c IVB NSCLC with synchronous brain and bone metastasis in April 2020. Further genetic screening of the patient identified Leu858Arg (L858R) mutation in EGFR; thus, the patient was administered third-generation TKI osimertinib (80 mg/day) for 6 months. This treatment with osimertinib led to serious cardiac failure but no significant reduction in NSCLC tumor size. To cope with these conditions, another third-generation TKI, aumolertinib (110 mg/day), along with a supplement treatment plan was prescribed to the patient. Interestingly, this new treatment plan of aumolertinib significantly inhibited tumor growth in 8 months. Therefore, we conclude that the administration of second-line aumolertinib 110 mg/day has fewer adverse reactions and high efficacy against NSCLC as compared to osimertinib therapy.
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Introduction

Lung cancer is one of the leading causes of cancer-related death worldwide, including China (1). Lung cancer can be divided into small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC) according to cell morphology, and approximately 85% of cancers are NSCLC. It has been well established that the epidermal growth factor receptor (EGFR) is a common driver gene for NSCLC, and EGFR mutations can be detected in about 40%–60% of the East Asian population (2). In the last decades, the treatment options for NSCLC have improved dramatically and standard platinum doublet chemotherapy has been substituted by tyrosine kinase inhibitors (TKIs). More recently, TKIs have become the standard treatment for the EGFR-mutant for NSCLC, when patients are diagnosed with pathogenic mutations. The most common cluster of mutations in EGFR includes deletions around the LeuArgGluAla motif (residues 746–750) of exon 19, and among all the Leu858Arg (L858R) point mutations in exon 21, each accounting for 45% of all EGFR mutations (3, 4).

The presence of these mutations in NSCLC patients showed 9–14 months of progression-free survival (PFS) from those who positively respond to the first- and second-generation TKI (5–7). Nevertheless, about 60% of the patients with the EGFR T790M mutation who initially respond positively to the EGFR inhibitors such as gefitinib, erlotinib, afatinib, and dacomitinib in NSCLC eventually develop acquired drug resistance (ADR) in 9–15 months (8, 9). Third-generation EGFR-TKIs, such as osimertinib and aumolertinib, can minimize ADR. Based on the positive results obtained from clinical trials, the Food and Drug Administration (FDA) approved osimertinib for the treatment of patients with metastatic T790M- and EGFR-positive mutation in NSCLC (7, 10). In the FLAURA clinical trial, osimertinib showed the list of adverse events (AEs), and the most reported AEs were rash or acne, diarrhea, and dry skin. Among potentially life-threatening adverse reactions, cardiac failure was reported in 12 patients (4%) in the osimertinib group. The significant characteristics of the patients in this category were ejection fraction decrease, and electrocardiogram QT prolongation was reported in 28 patients (10%). In addition, interstitial lung disease (ILD) was also reported in 11 patients (4%) from the osimertinib treatment group (10). To date, no effective and alternative therapy has been recommended to fight the side effects of the osimertinib. Here, in this short report, we present a female case diagnosed with advanced NSCLC with L858R mutation in EGFR, which has presented grade 3 cardiac failure after being treated with osimertinib for 6 months; we successfully relieved the symptoms after switching the treatment with alternative third-generation EGFR-TKI aumolertinib.



Case Presentation

A 62-year-old non-smoker Chinese woman consulted Henan Provincial People’s Hospital with a complaint of mental illness in April 2020. Her family also complained chest congestion and discomfort. To diagnose the illness, the chest computed tomography (CT) scan was performed, which revealed a mass (3.9 × 2.7cm) in the left lung (Figures 1A, F), and a subsequent bronchoscopy revealed an NSCLC with mediastinal enlarged lymph nodes. Furthermore, the magnetic resonance imaging (MRI) scans revealed multiple metastases in the brain region in the form of nodular enhancement. In addition, chest-enhanced CT scan disclosed multiple abnormal density shadows that were considered as bone multiple metastases (data not shown).




Figure 1 | The clinical course according to check CT scan findings. (A, F) Baseline CT scan at diagnosis in April 2020. (B, G) SD on osimertinib in July 2020. (C, H) SD on osimertinib in October 2020. (D, I) PR on aumolertinib in March 2021. (E, J) SD on aumolertinib in July 2021. PR, partial response. SD, stable disease.



Additionally, clinical serological laboratory testing showed elevated levels of carcinoma embryonic antigen (CEA) and neuron-specific enolase (NSE) (Table 1), and the immunohistochemistry analysis showed adenocarcinoma. The patient’s liver and kidney were observed as normal, and the normal heart function was shown by the marker of cardiac function [N-terminal brain natriuretic peptide precursor (NT-proBNP)] with a value of 70 ng/L (normal range, <300 ng/L). According to the American Joint Committee on Cancer (AJCC) version 8.0 for the TNM staging system, the current diagnosis of the patient revealed a presence of NSCLC adenocarcinoma at the cT2aN2M1c IVB clinical stage (including brain and bone metastasis). Moreover, the next-generation sequencing analysis discovered L858R mutation in exon 21 of the EGFR gene (Figure 2). Following complete diagnosis, we have requested a clinical history of the patient and her family and found that her family has no history of mental disease or cancer.


Table 1 | The serological examination results at cardiac failure and during recovery treatment.






Figure 2 | The next-generation sequencing analysis revealed that L858R mutation in exon 21 of the EGFR gene was visualized by IGV software.



The patient was asked to sign a consent form for the administration of the anti-tumor therapy. Written and verbal explanations about benefits and adverse reactions were given to the patient and attending persons. Firstly, the patient was prescribed osimertinib (80 mg po qd) and ibandronate (4 mg) for 6 months, with routine checkups. The entire treatment timeline of anti-tumor therapy is shown in a flowchart diagram (Figure 3). The follow-up of the first 3 months showed a stable tumor in the lung nidus (3.9 × 2.6cm) (Figures 1B, G). However, 6 months later, she complained of physical weakness and lower limb edema. To explore the symptoms and to dig out the causes of these complaints, chest CT, MRI, ECG, and serological analysis were performed. The results of the CT revealed no significant change in tumor size (3.9 × 2.6 cm) (Figures 1C, H). However, an MRI of the heart exposed pleural and pericardial effusions, and the echocardiogram (ECG) further indicated an obvious severe hypokinesis, with a left ventricular ejection fraction (LVEF) of 36% and the left ventricle was dysfunctioning (Figure 4A; Tables 2 and 3). In addition, the level of NT pro-BNP was gravely increased (6,830  ng/L) (Figure 4B). Considering that the patient had no history of cardiac disease and hypertension, we suspected that osimertinib may induce cardiotoxicity with CTCAE grade 3. This prompted us to discontinue osimertinib. Next, we prescribed the new treatment plan with furosemide (20 mg bid), spironolactone (20 mg bid), bisoprolol (20 mg qd), and valsartan (50 mg bid) to the patient to improve cardiac function and physical condition. Four weeks after the new treatment regimen, the LVEF improved to 52% (Figure 4A) including better cardiac function (Table 3); however, NT pro-BNP was further welled to 8,000 ng/L (Figure 4B). Thereafter, another third-generation EGFR-TKI aumolertinib (110 mg po qd) was administered to treat the NSCLC. The aumolertinib treatment was maintained with the cardiac failure treatment regimen for the next 4 months with routine examination. Later, tumor analysis revealed that the size of the tumor was partially decreased (2.9 × 1.6 cm) (Figures 1D, I). Fortunately, the cardiac function returned to normal (Table 3), as indicated by LVEF (57%) (Figure 4A) and the reduced level of NT pro-BNP (901 ng/L) (Figure 4B). Furthermore, the medicinal load was also reduced to furosemide (20 mg bid), spironolactone (20 mg bid), and aumolertinib (110 mg qd) for the next 4 months. Interestingly, regular follow-up showed gradual recovery in the symptoms (Figures 1E, J); tumor size reached stable disease (SD), the ejection fraction improved to 66% (Figure 4A), the pro-BNP decreased to 137 ng/L (Figure 4B), and the left ventricle function become normal, which showed significant improvement in the cardiac function as well as the NSCLC condition. There was a slight change in serological markers before and after switching to aumolertinib (Table 2), which indicated that the third-generation EGFR-TKIs performed excellently as anti-tumor medicines. The changes in electrocardiogram at cardiac failure and during recovery treatment were also monitored (Figure 5), which showed that RV5 was more than 2.5 mV when the patient suffered a cardiac failure, and the high voltage suggested left ventricular hypertrophy. The changes in myocardial enzymes at cardiac failure and during recovery treatment were monitored (Table 2), and the results showed abnormal levels of the lactic dehydrogenase (LDH) and creatine kinase of muscle and brain isozyme (CK-MB). This follow-up treatment that included alternative third-generation EGFR-TKI aumolertinib significantly soothed the condition of a patient with no further complaints of heart discomfort or liver and kidney function damage except fatigue.




Figure 3 | The medicine administration with indicated time periods shown as a flowchart diagram.






Figure 4 | The detection of cardiac function in different time periods. (A) Ejection fraction in different time periods. (B) Brain natriuretic peptide precursor (pro-BNP) in different time periods.




Table 2 | The changes in myocardial enzymes at cardiac failure and during recovery treatment.




Table 3 | The left ventricular echocardiography data at cardiac failure and during recovery treatment.






Figure 5 | The changes in RV5 of electrocardiogram at cardiac failure and during recovery treatment.





Discussion

Lung cancer is one of the most common malignancies and the leading cause of cancer-associated deaths worldwide (11). About 15% of Caucasian and nearly 50% of Asian advanced NSCLC patients were detected with EGFR-positive mutation, mostly in exons 18–21 (12, 13). Uncontrolled activity of the EGFR can act as an active oncogenic driver and target for precision medicine intervention in lung cancer cells (14). Several drugs such as gefitinib, erlotinib, afatinib, and dacomitinib are being used for the treatment of patients with NSCLC who have EGFR mutations. However, over the past years, the tumors have ADR to chemotherapies specifically in patients with EGFR T790M mutation in exon 20 (15–17). Among available medicines, osimertinib is an FDA-approved third-generation EGFR inhibitor. This is highly selective for NSCLC patients with EGFR mutations or first- and second-generation TKI-resistant EGFR T790M mutations. The efficacy of osimertinib can be evaluated by a significant increase in the PFS (median: 18.9 vs. 10.2 months) and overall survival (median: 38.6 vs. 31.8 months) of patients with advanced EGFR-positive or T790M-positive NSCLC patients (18). In addition, osimertinib presented a safety profile consistent with previous reports; however, QT AE prolongation was 10% and serious AE (grade ≥3) prolongation was 1% (18, 19).

Among the AEs, cardiotoxicity is continuously rising when patients are treated with osimertinib. Several cases of heart failure related to osimertinib had been reported. For instance, Watanabe et al. reported a 78-year-old woman presenting with mild exertional dyspnea 3 weeks after starting osimertinib for the treatment of EGFR T790M-positive NSCLC, and she was diagnosed with congestive heart failure caused by the osimertinib (20). Oyakawa et al. reported an 84-year-old woman without any smoking history presenting with dilated and diffusely hypocontractile left ventricle (ejection fraction 33%) with minor pericardial effusion; osimertinib was discontinued, and furosemide, enalapril, and carvedilol were initiated (21). Okutucu et al. showed that a 64-year-old woman was diagnosed with metastatic lung adenocarcinoma harboring an EGFR mutation; 2 months after osimertinib initiation, which revealed that her left ventricular systolic function was depressed, with a globally reduced ejection fraction of 24%, they concluded that the heart failure had been caused by osimertinib inhibiting human epidermal growth factor receptor 2 (HER2) (22). Reale et al. reported 5 patients treated with osimertinib who suffered from heart failure; one patient died due to further worsening of cardiac condition, another patient was suspended due to reduction of EF, one patient received reduced osimertinib dosage, and the last 2 patients continued osimertinib after heart failure treatment. Osimertinib cardiotoxicity is more likely to be a type 2 cardiotoxicity and reversible (23). However, there is no evidence that resumption of osimertinib is harmful to patients after treating osimertinib-induced heart failure. The retrospective analyses of a pharmacovigilance database, the FDA AEs reporting system, reported a rare incidence (3.7%) regarding the occurrence of cardiotoxicity linked to EGFR-TKIs in 8,450 AEs. However, the results found that the reporting odds ratio for osimertinib compared with all other drugs was 5.4 for cardiac failure and 11.2 for QT prolongation, and compared with the 3 other EGFR TKIs, it was 2.2 for cardiac failure and 6.6 for QT prolongation (24). A systematic review and meta-analysis of randomized controlled trials (RCT) was undertaken to determine the incidence of osimertinib cardiac toxicities and showed that osimertinib notably increased the risk of cardiac toxicities with a risk ratio of 2.71 for cardiac failure and 2.62 for QT prolongation; thus, prompt monitoring and early intervention are warranted (25). Andrew et al. reported a 67-year-old woman treated with first-generation EGFR TKI erlotinib and then changed the osimertinib without resistance; 7 months after osimertinib initiation, she presented with shortness of breath and was diagnosed with heart failure and had to use erlotinib again. Osimertinib is not only highly specific for ErbB1 (EGFR), but also has demonstrated greater inhibition of wild-type ErbB2 (HER2) than that observed with erlotinib or afatinib. Whether this effect is responsible for increased cardiotoxicity requires further exploration (26). Kunimasa reported a retrospective, single-center study conducted in Japan. A total of 123 NSCLC patients with EGFR mutations were treated with osimertinib, and grade 3 or higher cardiac AEs were observed in 6 patients (4.9%). Five of those patients were women; their cardiac AEs included acute myocardial infarction (n = 1), heart failure with reduced LVEF (n = 3), and valvular heart disease (n = 2). For the patient described in case 1, LVEF recovery was delayed, and gefitinib was started 8 months after the AE; the patient in case 2 refused osimertinib re-administration and also received gefitinib. Osimertinib was re-administered to the patients described in cases 3 and 4, given the presence of the T790M mutation, whereas patients were treated with other EGFR-TKIs (cases 5 and 6). Altogether, osimertinib was discontinued in 4 of 6 patients and restarted in 2 patients; in one of those patients, osimertinib was re-administered at the reduced dose and the original dose in the other patient (27). Patel et al. reported that 3 patients suffered from cardiac failure after being initiated on osimertinib, 2 patients had basic heart disease, and LVEF decreased dramatically. Osimertinib was re-administered to only 1 patient, whereas the last 2 patients were treated with erlotinib (28). Shinomiya et al. reported a 76-year-old woman who underwent surgical resection of the left upper lobe plus lymph node dissection and used osimertinib as the second-line adjuvant therapy; 4 months after osimertinib initiation, cardiomyopathy secondary to osimertinib was diagnosed and osimertinib was discontinued (29). Ikebe et al. reported a rare case in which osimertinib simultaneously induced congestive heart failure and QT prolongation. The possible reason was a prior stereotactic thoracic radiotherapy; her heart was within the irradiation area, and radiation therapy could damage both cardiomyocytes and vasculature. She did not receive any other chemotherapy and died of cancer progression and cachexia at home 15 months after osimertinib discontinuation (30). In these case reports, most patients switched to other first-generation EGFR-TKIs because of osimertinib-induced cardiotoxicity, even if it was reversible.

With an increasing number of osimertinib-induced cardiotoxicity, the question arises, what could be the possible mechanism behind the cardiotoxicity triggered by osimertinib? EGFR is a receptor tyrosine kinase (RTK) in the erythroblasts leukemia viral oncogene homolog (ErbB)/human epidermal growth factor receptor (HER) family that includes HER2. HER2 is found to be important in cardiac development and the maintenance of normal cardiac structure and function under stress conditions. Moreover, treatment of cells with AZD9291 (osimertinib) inhibited phosphorylation of HER2 at moderate potency levels (31). Therefore, it is not unanticipated that cardiotoxicity has been observed with this agent.

Aumolertinib, a novel third-generation EGFR-TKI, has been used to treat NSCLC EGFR T790M-positive patients with progressive disease or recurrence as an alternative to other EGFR TKI therapies (32). Compared with osimertinib, the aumolertinib innovatively has an additional cyclopropyl group, which increases its anti-tumor activity, stability, and fat solubility. Like osimertinib, the aumolertinib also irreversibly binds with the EGFR T790M mutation sites and inhibits their function (32, 33).

Promising results have been observed for aumolertinib against lung cancer EGFR mutational cells, suggesting its specificity and admirable pharmacokinetic properties in mammals (34). Aumolertinib showed great tumor-regressing efficacy in an EGFR mutant brain metastasis model (35).

In phase II clinical APOLLO trials, aumolertinib has surprisingly shown significant performance with unique anti-tumor characteristics such as the primary endpoint, the overall response rate (ORR) was 68.9%, and the secondary endpoint, the median PFS of 12.4 months. In addition, the inhibitory effects of aumolertinib included the median duration of response (mDOR) of 15.1 months, and the disease control rate (DCR) of 93.4% (36). Additionally, the fat solubility of aumolertinib enables it to successfully cross the blood–brain barrier, thus showing adequate effectiveness in central nervous system (CNS) metastases: the CNS ORR was 60.9%, the CNS DCR was 91.3%, the median CNS PFS was 10.8 months, and the median CNS DOR was 12.5 months. It is worth mentioning here that PFS and OS of L858R and 19 deletion patients have similar benefits (36, 37). The most common treatment-related adverse reactions (TRAEs) ≥10% were blood creatine phosphokinase (CPK) increased (20.9%), rash (13.9%), aspartate aminotransferase (AST) increased (12.3%), white blood cell (WBC) count decreased (12.3%), alanine aminotransferase (ALT) increased (11.9%), and pruritus (10.7%); 15 (6.1%) patients had QT prolongation, and there was no ILD reported (36). The major AEs caused by aumolertinib include rash, diarrhea, fatigue, ALT/AST increase, and anemia, but none of the reported cases showed ILD and serious cardiotoxicity (36). Interestingly, the current patient had no history of any cardiac diseases, and the incidence of the cardiotoxicity induced by osimertinib was not obvious until aggravated after 6 months of continued treatment. Later, the treatment plan changed, which gradually improved the cardiac symptoms in 9 months.

In summary, we present an EGFR-positive NSCLC case with osimertinib-induced cardiac failure. Next, we switched the treatment plant to aumolertinib, which alienated the cardiac symptoms as well as tumorigenicity. Until now, the patient is being treated with aumolertinib for more than 9 months and maintained SD without any obvious AEs. The patient is regularly followed up to monitor the adverse reactions and improvement in treatment outcomes. Here, we report for the first time that switching from osimertinib to aumolertinib following the occurrence of osimertinib-induced cardiac failure was helpful in the gradual recovery of cardiac and NSCLC symptoms. It could be a potential therapeutic strategy for other patients with similar AEs.
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Prostate cancer (PCa) induced death is the predominant cause of cancer-related death among men in 48 countries. After radical treatment, biochemical recurrence has become an important factor for prognosis. The early detection and diagnosis of recurrent lesions are very helpful in guiding treatment and improving the prognosis. PET/CT is a promising method for early detection of lesions in patients with biochemical recurrence of prostate cancer. This article reviews the progress of the research on PET/CT in the PCa biochemical recurrence and aims to introduce new technologies and provide more direction for future research.
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Background

Prostate cancer (PCa), the fifth reason of cancer-related death among male, is also the second most commonly diagnosed cancer (1). In 2020 1.4 million cases were newly diagnosed and 375,000 deaths were identified around the world (2). With the general promotion of prostate-specific antigen (PSA) screening, the improvement of biopsy technology, as well as the optimization of treatment methods, both of the incidence and mortality rates of PCa have declined or stabilized in most countries in recent years. However, the incidence of advanced PCa has increased (2, 3). Prostate cancer is a malignant tumor with extremely heterogeneous clinical behavior and has biological behaviors ranging from inertia and organ limitation to rapid invasion and easy metastasis (4). It is diagnosed mainly through digital rectal examination (DRE) and PSA testing. Once a preliminary diagnosis is made, a needle biopsy guided by a rectal ultrasound (TRUS) is performed (5). After an initial treatment via radical prostatectomy (RP) or local radiotherapy (RT), almost half of patients develop biochemical recurrence (BCR) and an increase in PSA. After a potential remedial treatment option, androgen deprivation therapy (ADT) is usually used for the patient. After the ADT, prostate-specific antigens begin to rise again in 2-8 years, and metastatic castration-resistant PCa can develop (6). Studies have shown that salvage RT (SRT) after early RP provides a cure for increased PSA in patients after RP (7–9), and therefore, early detection of BCR and lesion metastasis and accurate restaging guidance for the treatment of recurrent PCa is very important. Both of CT and MRI are structural imaging techniques and are of limited sensitivity and specificity for detecting a minimal metastatic lesion, which leads to a lower diagnostic rate for common imaging techniques in asymptomatic patients (10). The molecular imaging PET/CT is believed to be superior to BCR detection.



PET/CT Imaging Agent for BCR PCa

BCR is generally defined by elevated PSA values (more than 0.2 ng/ml) in consecutively two tests after RP (11, 12). For patients receiving radiation therapy, biochemical failure is defined as the end of radiotherapy with the lowest PSA increase in the last 6 weeks being ≥ 2 ng/mL (13). Over the past decade, a variety of PET probes have achieved good results in detecting recurrent lesions and disease staging in PCa patients. PET radiotracers that are used have developed rapidly and mainly include radiolabeled choline, prostate specific membrane antigen (PSMA) ligands,18F-fluciclovine, gastrin-releasing peptide receptor(GRPR), fibroblast activation protein inhibitors(FAPI) and so on (14–22) (Table 1)


Table 1 | Common PET-CT imaging agents to detect biochemical recurrence of prostate cancer.



PSMA is a highly overexpressed transmembrane glycoprotein detected in the majority of prostate cancer cells (23) and is located in the apical region of prostate cells (i.e., the prostate tube) (Figure 1). PSMA is expressed in peripheral epithelial cells (24), and high-grade PCa have higher PSMA expression, and PSMA expression in late and castration-resistant PCa is further increased (25). PSMA binds with high affinity to the folate hydrolase of the PC cells, allowing the PSMA to show its potential to recognize BCR sites (26), and becomes the target of PCa imaging and therapy. PSMA-PET exhibits good early detection and localization of PCa recurrence lesions and identification of BCR lymph node metastasis after RP (27, 28). (Table 2) And 68Ga-PSMA-11 is the first FDA-approved radiotracer for PCa-specific PET/CT imaging (29, 30) (Table 2)




Figure 1 | PSMA structure diagram. (A) Schematic illustration of PSMA. (B) Cyrstal structure of PSMA.




Table 2 | The difference between PSMA and PSA.



Choline radiopharmaceuticals were used for prostate cancer earlier, and often labeled with 11C and 18F, which can be used for the detection of recurrent lesions and the detection of early recurrence in patients with a history of BCR PCa (31, 32). 18F-fluciclovine is a synthetic amino acid with good biodistribution and little urinary disturbance, is often used for restaging of BCR patients (33). Gastrin-releasing peptide receptor antagonist (RM2) binds to GRPR on PCa cells, complementary to PSMA-targeted imaging (15, 34). Fibroblast activation protein (FAP) is highly expressed in a variety of epithelial cancers, and FAP inhibitor (FAPI) PET/CT has been used for various tumor imaging. Research has confirmed the uptake of 68Ga-FAPI-04 in PCa tissue was higher than that in normal prostate tissue, and FAP expression was increased after ADT, which has potential when the detection of lesions is limited after ADT (16, 21, 35).



Recurrent Lesions Detection and Localization

Patients with a large number of RPs have an elevated PSA, and early detection and localization of anatomical sites of recurrence are critical to guide subsequent treatment. PET/CT was believed to be better than a morphological-based standard imaging mode (CWU) (36). An analysis of prostate cancer in Asian populations showed that standard imaging was not sensitive to recurrent PCa, and none of the bone lesions detected by PET was detected by CWU (37). Choline-PET is the most widely studied method, and although it has excellent specificity (38), its sensitivity is low, especially when PSA levels are low (39). A prospective study showed a PSMA-PET/CT detection rate of 66%, which is remarkably higher than the 18F-choline PET/CT detection rate of 32% (40). 68Ga-PSMA PET showed an obviously higher detection rate and a higher general impact on the clinical management than 18F-fluoromethylcholine (41, 42). 18F-fluciclovine has excellent detection rates for low, medium and high PSA levels (43, 44), and the test results are significantly better than those obtained with 11C-choline (38, 45). A meta-analysis showed that in BCR patients, the combined detection rates of 18F-labeled choline, fluciclovir, and PSMA were 66%, 74%, and 83%, respectively (38). The study by Hoffmann et al. compared the detection rates of 18F-PSMA and 68Ga-PSMA PET, and the results showed that the detection rates of the two tracers were similar, 87.5% (112/128) and 88.9% (121/136), respectively (46). A recent study showed, 68Ga-P16-093, a small molecule PSMA ligand, detected 71% of lesions in BCR patients (47) (Table 3)


Table 3 | Detection rate of different imaging agents for BCR PCa.



Previous studies have shown that PSMA PET has a higher detection rate than other tracers, and some researchers have found that when PSMA expression is low or PSMA negative tumor area ≥ 50%, PSMA-PET results are negative, although PSA levels are very high (56). When PSMA expression is low, Dietlein et al. found 5 89Zr-PSMA-DFO PET-positive lesions in 14 PSMA-PET-negative patients.89Zr-PSMA-DFO PET becomes a good supplement because its half-life is long enough to allow the process of ligand internalization to proceed sufficiently to make the lesions visible (22, 56, 57). Targeting gastrin-releasing peptide receptor (GRPR) is thought to complement PSMA-negative prostate cancer (PCa) patients (58), and it is helpful for the localization of recurrent lesions in 18FECH PET/CT-negative patients (59).Another study showed that the detection rate of 18F-FDG PET/CT in PSMA-PET negative patients was 16.7%, and patients with PSA ≥2.3 ng/mL and high Gleason score were more likely to benefit from FDG PET (60).



Factors Affecting the Detection Rate

Many studies (41, 61–65) have indicated that PSMA, choline, fluciclovine PET/CT positive results possibly are significantly correlated with increased PSA levels (37). For patients with BCR, the positive rate of the PET/CT scan varies based on the clinical stage of the BCR, PSA levels as well as PSA doubling time during the scan are correlated with positive results (27, 66). A study showed that the detection rates of 18F-labeled choline, fluciclovine, and PSMA were 35, 23, and 58% for a PSA level less than 0.5 ng/ml;80, 92, and 94% for a PSA level more than 2.0 ng/ml (38). The rate of increase grows with a rise in the serum PSA levels before the PET (27, 67, 68). There are studies that shown that when the PSA levels higher than 0.2 ng/ml while the PSA velocity ≥ 1 ng/ml/year, there will be a positive PSMA scan (69), and with higher PSA levels, the PSMA-PET shows better diagnostic performance (28).

It has been documented that androgen deprivation therapy experience in BCR patients is correlated with the positive rate of PSMA-PET scans (69), and there is evidence that PSMA is induced with low doses of ADT at lower PSA levels (≤0.3 ng/mL). Imaging may enhance the positive scan rate (70), but further research is needed. In addition, the time to inject the imaging agent is related to the contrast of the image. For BCR with low PSA levels, imaging 3 hours after injection is more advantageous in terms of lesion contrast (71), which may also have an effect on the positive scan rate. Scanning technology and timing also have an impact on the positive rate. Morawitz et al. (72) found that 68Ga-PSMA-11 PET/CT scanning in the late abdominal and pelvic stage after emptying the bladder was helpful to detect missed local recurrence lesions. Uprimny et al. (73) improved the detection rate of lesions by using furosemide before scanning.



PET Imaging for BCR of Low PSA Levels

Currently, salvage RT (SRT) is one valuable treatments for patients with PSA elevation after RP. Early diagnosis of BCR at low PSA levels has a major impact on patients’ follow-up treatment. EVU guidelines recommend that PSA levels greater than 0.2 ng/mL and results influence subsequent treatment decisions, imaging of biochemically recurrent PCa with PSMA-labeled PET/CT (74). A study in 2005 patients with BCR found that the detection rate of 68Ga-PSMA-11 was 44.8% when the PSA was less than 0.25 ng/mL (49). A meta-analysis showed that the detection rates of 18F-Choline, 18F-Fluciclovine and 18F-PSMA PET/CT at PSA levels less than 0.5 ng/ml were 35%, 23%, and 58%, respectively (38). PEMA-PET is superior to other imaging methods at low PSA levels, as recommended by guidelines (Figure 2). 18F-fluciclovine PET is feasible for patients with PSA <1.0ng/ml. Filippi et al (54) found that the detection rate in 81 Italian patients was 66.7% when the PSA level was 0.2-0.57 ng/ml, and Wang et al. (75) in 46 patients with PSA level of 0.3-1.0ng/ml found the positive rate was about 33%, but it was not found positive cases in very low PSA (less than 0.3ng/ml) BCR patients. The value of 18F-fluciclovine PET in detecting lesions in BCR patients with very low PSA levels remains to be explored. A recent study found that at very low PSA (≤0.1ng/ml) levels, dynamic detection of 11C-choline PET was helpful in detecting early recurrence in BCR PCa patients (32). This could be a valuable new direction.




Figure 2 | A 78-year-old patient with biochemical recurrence (PSA of 0.54 ng/mL) after radical prostatectomy (initially pT3b N0 M0 R0 G2). 68Ga-PSMA ligand PET/CT reveals focal uptake in left paramedian prostatic fossa, indicating local recurrence. The picture below shows transaxial CT (A), PET (B), and fused PET/CT (C) images respectively. Patient was referred for salvage radiation treatment. This research was originally published in JNM. Author(Schwarzenboeck SM, Rauscher I, Bluemel C, Fendler WP, Rowe SP, Pomper MG, Afshar-Oromieh A, Herrmann K, Eiber M). PSMA Ligands for PET Imaging of Prostate Cancer. J Nucl Med. 2017 Oct;58(10):1545-1552.© SNMMI.





Detection of Metastases in BCR Patients

Increased serum PSA levels are sensitive to in vitro markers of recurrent prostate cancer; however, it is still hard to differentiate local recurrence and regional or distant metastasis. Identifying metastatic disease can impact therapeutic schedule options and contributes to prognosis assessment (27). PSMA PET/CT is most commonly used to detect LN metastases and staging in BCR patients after RP, and its performance depends on the PSA levels as well as the volume of debris from metastatic cells (28). However, in small lymph nodes, this method performs well (76). Rauscher showed that 68Ga-PSMA PET detected LNM (77.9%) in 68 histopathologically confirmed metastatic LN regions, whereas conventional imaging modality only detected 18 of 67 regions (26.9%) (77). Studies have shown that 18F-rhPSMA-7 and 18F-rhPSMA-7.3 PET have a detection rate of 81.3% for lymph node metastasis in BCR patients after RP, and their accuracy in evaluating lymph node metastasis is comparable to that of 18F-PSMA-11 (78).PSMA-PET/CT has higher diagnostic accuracy for lymph node recurrence after RP, especially for small-volume metastases, 18 F-PSMA-1007 PET/CT can reliably detect malignant lymph nodes larger than 3 mm with a specificity of over 99% (79–81) (Figure 3)




Figure 3 | A 63-year-old male with a history of radical prostatectomy for adenocarcinoma of the prostate, Gleason 4 + 4. 68Ga-PSMA-11 PET/CT was requested for localization of disease recurrence at a serum PSA of 0.54 ng/mL. Images show intense tracer uptake in a subcentimeter left presacral node (straight arrows) and a subcentimeter left external iliac node consistent with the sites of prostate cancer recurrence. This research was originally published in JCM.Lawal IO, Lengana T, Popoola GO, Orunmuyi AT, Kgatle MM, Mokoala KMG, Sathekge MM. Pattern of Prostate Cancer Recurrence Assessed by 68Ga-PSMA-11 PET/CT in Men Treated with Primary Local Therapy. J Clin Med. 2021 Aug 29;10(17):3883.



Bone metastasis is one of the common metastasis methods of prostate cancer, and it is difficult to differentiate diagnosis by traditional imaging due to degenerative changes. Mingels et al. found in 177 BCR patients that the PPV of 18F-PSMA-1007 PET to identify bone lesions was 79%, which was lower than the positive rate of the overall and LN (82). A meta-analysis showed that the highest sensitivity of NaF-PET/CT in identifying bone metastases was 0.97, followed by PSMA PET, higher than choline, MRI and bone scintigraphy (83). A recent study found that 18F-NaF PET/CT detected 93.6% of bone metastases, and the interobserver agreement was very high, with stable and reproducible results (18).



PET/CT False Negatives and False Positives

For PSMA-PET, a small fraction (<10%) of PCa expressed low PSMA, which results in little or no uptake on PSMA-PET (79, 84). In these PSMA-negative patients, PSMA-PET is ineffective (36). In addition, metal artifacts low levels of PSMA uptake and bladder overflow are also possible elements of false negatives (85).Positive images need to be differentiated from normal tissue, benign lesions, and other non-PCa malignant lesions (25, 86–88). Reports have shown that in normal tissues, high or mild 68 Ga-PSMA-11 uptake was observed in the renal cortex, duodenum, parotid gland, and submandibular salivary glands, spleen, lacrimal gland, and liver (89–92). In some benign tissues with high proliferation rate, just like heart valves, pleura, endometrial scars, and granulation tissue, endothelial cells also express PSMA (25, 93, 94). Abnormal accumulation of PSMA-PET were detected in lots of benign lesions, including sarcoidosis (86, 95), Paget’s disease (96), healing fractures (97, 98), hemangioma (99), schwannomas (100), adenoma (101), and so on. Malignant tumors other than PCa, such as renal cell carcinoma (102, 103) and hepatocellular carcinoma (104), also have high expression. In addition, 18F-fluorocholine imaging usually shows abnormal uptake in lymph nodes due to inflammatory changes (105).All of the above cause false positive results, so it is necessary to learn about the physiological uptake and normal distribution in order to reduce the false positive results in the diagnosis.



Conclusions

PSMA-PET has high accuracy in the detection of PCa BCR and the identification of metastasis, especially at low PSA levels. Its diagnostic potential is significantly better than that of choline and amino acid analogues, and this has a remarkable influence on managing patients in clinical. However, due to the expression and distribution characteristics of PSMA, it is unable to reliably recognize the PSMA-negative lesions, and other imaging methods need to be selected as supplements. According to the actual situation of patients, the combined use of complementary imaging agents to detect and locate BCR lesions is helpful for the early and effective detection and localization of recurrent lesions in BCR PCa patients, and is conducive to the selection of treatment options and the improvement of prognosis. Radiocomposites (such as 18F-NOTA-GRPR-PSMA, etc.) with the advantages of two or more imaging agents at the same time may become a research hotspot in the future.
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Hepatocellular carcinoma (HCC) is a global health challenge with an increasing incidence worldwide. Cancer-associated fibroblasts (CAFs) function critically in HCC initiation and development. However, the prognostic significance of CAF-related gene signatures in HCC remains unknown. Therefore, the specific functions of CAF-related genes in HCC were investigated to help develop potential therapeutic strategies. In this study, CAF-related genes were screened from three CAF-related gene sets. HCC data from the Gene Expression Omnibus (GEO) database was applied to verify the screened CAF-related genes. Cluster analysis was used to identify clusters based on the expression pattern of CAF-related genes and two identified clusters were found to have a significant difference in overall survival (OS) and progression free intervals (PFI). The prognosis of HCC patients was predicted using the prognostic risk score model developed based on HCC data from The Cancer Genome Atlas (TCGA) databases. High-risk group patients had a worse OS than those in low-risk group in TCGA. These results were validated in International Cancer Genome Consortium (ICGC) database. Moreover, combining the clinicopathological characteristics related to prognosis with the model, a nomogram was built for a more accurate prediction of OS of HCC patients. In addition, analyses of immune infiltration characteristics of tumor microenvironment (TME), chemosensitivity, and immunotherapy response were conducted to further evaluate the prognostic value of CAF-related genes. Patients with low-risk scores were found to have higher chemosensitivity to cisplatin, doxorubicin, and sorafenib. Individuals with high-risk scores were found with a higher expression of most immune checkpoints which indicated patients with high-risk scores may benefit more from treatment with immune checkpoint inhibitors. Furthermore, a correlation between immune infiltration characteristics of TME and patients with different risk levels was found. These findings provide a possibility for the further development of personalized treatments in HCC.
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Introduction

Liver cancer has experienced an increasing incidence worldwide in recent decades (1, 2). By 2030, more than 1 million people will die from liver cancer according to World Health Organization estimate (3). As the most prevalent type of liver cancer, hepatocellular carcinoma (HCC) accounts for about 90% of all liver cancer cases. Despite new treatment methods for HCC, the cancer prognosis remains poor (4). Therefore, there is an urgent need to develop a new promising target for therapies and an effective prognostic model for patients suffering from HCC.

The malignant nature of cancer growth is controlled by paracrine communication between the tumor and surrounding stroma (5). Fibroblasts, the primary cell type inside the stroma, are known as cancer-associated fibroblasts (CAFs) and orchestrate interaction with cancer cells (6, 7) as well as exhibit various prognostic markers (8). Increasing research suggests that CAFs are essential to HCC development (9–12). Furthermore, CAFs are closely related to the tumor microenvironment (TME) of HCC and have been proven to influence HCC progression (13). Moreover, CAFs are now thought to be the primary driver of tumor growth due to complicated interactions with other cell types in the tumor microenvironment (14). Previous studies found CAFs undergo epigenetic modifications to create secreted factors, exosomes, and metabolites that regulate tumor angiogenesis, immunology, and metabolism in addition to producing extracellular matrix components that facilitate the function and formation of stroma tumor (15, 16). HCC-derived CAFs not only promote tumor cell malignancy (17–19) but also attract immune cells to allow the development of immunosuppressive phenotypes for immune escape (20, 21). Because of their putative prooncogenic functions, research on CAFs as a therapeutic target is very popular in recent years (14). However, the deeper prognostic value of CAF-related gene signatures in HCC is unknown.

This study analyzed the HCC data from TCGA database to investigate the role of CAF-related genes in HCC. Cluster analysis was used to identify clusters based on the expression pattern of CAF-related genes. Based on independent prognostic CAF-related genes, a CAF-related prognostic model was built for the prognostic prediction of HCC. To further assess the model prediction potential, the HCC data from ICGC database was utilized to verify the model. Next, risk score was combined with clinicopathological characteristics associated with prognosis to build a clinical risk model for prognostic prediction. Furthermore, for further evaluating the prognostic significance of CAF-related genes, the relationship between HCC patients with different risk scores and immune infiltration characteristics of TME, chemosensitivity, immunotherapy response, or difference in functional enrichment was investigated. To summarize, these findings suggest that CAF-related gene signatures may be exploited as possible prognostic markers in the search for novel treatments for patients suffering from HCC.



Materials and Methods


Data Collection

From TCGA database (https://portal.gdc.cancer.gov/), the RNA sequencing data including 50 normal liver samples and 374 HCC samples were acquired. The microarray data profiles of GSE25097, including 268 HCC samples and 243 adjacent non-tumor samples, were downloaded from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Another set of RNA sequencing data, including 232 HCC samples, was acquired from ICGC database (https://icgc.org/). Besides, from the TCGA and ICGC databases, the clinical information corresponding to HCC samples (374 HCC samples from TCGA and 232 HCC samples from ICGC) was downloaded. Duplicate samples and samples with missing follow-up information were not included in this study.



Acquisition of CAF-Related Genes

From the Molecular Signature Database v7.5.1 (MSigDB), two gene sets related to CAF (MISHRA CARCINOMA ASSOCIATED FIBROBLAST UP and MISHRA CARCINOMA ASSOCIATED FIBROBLAST DN) were obtained. Another CAF gene set including 596 genes was acquired from a previous study (22). Then CAF-related genes were obtained after overlapping genes were filtered. GEO2R was utilized to screen DEGs (|log2(fold change)| >1, adjusted p-value <0.05) in GSE25097 (23). The “DESeq2” R package was utilized to screen DEGs (|log2(fold change)| >1 & adjusted p value <0.05) in TCGA (24).



Cluster Analysis

The cluster analysis was conducted using the “ComplexHeatmap” R package (25). The cluster method was Euclidean and both rows and columns were clustered. Besides, the gene expression data is standardized by row-based Z-score. The K-M curve was utilized to observe the survival difference between the two clusters. The principal component analysis (PCA) was used to verify the accuracy of cluster analysis results.



Establishment and Validation of the Prognostic Risk Score Model

First, the expression data of CAF-related genes were retrieved from the sequencing data of HCC samples in the TCGA. The clinical HCC information was then combined with those of CAF-related genes. In the next step, the DEGs in TCGA were intersected with the integrated CAF-related gene set to get CAF-related genes in TCGA, then the CAF-related genes in TCGA were verified with the DEGs in GSE25097, and finally, the verified CAF-related genes in TCGA were screened out. CAF-related genes in TCGA related to OS of HCC patients were mined by univariate Cox regression analysis (P < 0.05). To minimize overfitting, Least absolute shrinkage and selection operator (LASSO) logistic regression analysis (ten-fold cross-validation) was utilized to further screen key CAF-related prognostic genes. cBioPortal, a TCGA computational tool, was used to analyze the mutations and putative copy-number alterations as well as the correlation of genes in HCC samples in TCGA. Furthermore, multivariable Cox regression analyses identified genes showing independent prognostic relevance and developed a risk score model for predicting the prognosis of TCGA patients with HCC. Each sample’s risk score was computed according to risk score = Intercept (-0.38655353) + (-0.690788635)×ARHGAP11A + (0.681687351) × DLGAP5 + (0.131165649) × RFPL4B + (-0.241494247)×TOP2A + (0.626517272) × TTK.

The model was evaluated on the ICGC database to ensure its practicality. Furthermore, several test methodologies were used. Median risk scores were used as the basis for patient grouping. The K-M curve was utilized to assess survival differences. Moreover, the prognostic model’s practicality was validated using receiver operating characteristic (ROC), PCA, and a heat map of survival status combined with expression difference and risk score distribution in the independent prognostic genes.



The Correlation of Risk Score With Clinicopathological Characteristics

First, according to the sample ID, corresponding clinicopathological characteristics were merged with each patients’ risk score. Shapiro-Wilk was used to test for normality. Comparisons of the distributions between two groups were performed using a Wilcoxon signed-rank test. To screen clinicopathological characteristics associated with prognosis, Univariate, and multivariate COX analyses were used. Differences were considered statistically significant when they showed P value < 0.05.



Prognostic Nomogram Development

The “rms” and “survival” R packages were used to construct a prognostic nomogram. Moreover, calibration plot, DCA, and ROC curve were applied in assessing prediction capabilities of the nomogram.



Estimation of Chemotherapeutic Drug Sensitivity

To calculate IC50 of chemotherapeutic drugs for each sample, the “pRRophetic” R package was used (26). Shapiro-Wilk was used to test for normality. Spearman’s rank correlation coefficient was here to evaluate the association between the two groups (risk score and IC50). Differences were considered statistically significant when they showed P-value < 0.05.



Estimation of Immunotherapy Response

The 43 immune checkpoints were acquired from previous studies (27). Comparisons of the distributions between two groups were made by Wilcoxon signed-rank test. Correlation analysis was conducted by Pearson method. Differences were considered statistically significant when they showed P-value < 0.05.



Immune Infiltration Analysis

To evaluate the relative abundance of immune cell types between high-risk and low-risk groups, CIBERSORT (28), TIMER (29), quanTIseq (30), and MCP-counter (31) was performed. Comparisons of the distributions between two groups were made by Wilcoxon signed-rank test. Correlation analysis was conducted by Pearson method. Differences were considered statistically significant when they showed P-value < 0.05.



Functional Enrichment Analysis

The enrichment score of samples from low- and high-risk score groups was calculated by Gene Set Variation Analysis (GSVA) in the “GSVA” R package (32). The minimum and maximum gene sets are set to 5 and 5,000, respectively. The gene expression profile of the two risk samples was used to evaluate the related pathways and molecular mechanisms, and the reference gene sets“c2.cp.kegg.v7.4.symbols” were downloaded from the molecular signatures database (https://www.gsea-msigdb.org/gsea/msigdb). In the low-risk and high-risk groups, differentially enriching pathways (fold change>1.5 & p value <0.05) were screened using rank sum test. Besides, to perform the GO and KEGG enrichment analysis, the “clusterProfiler” R package was employed (33).



Protein-Protein Interaction Network

In the low-risk and high-risk groups, DEGs (|log2(fold change)| >1 and adjusted p value <0.05) were screened using the “limma” R package (34). Through the STRING (https://string-db.org; version: 11.5), we obtained PPI network data (interaction score >0.9). Cytoscape (v 3.8.2) was utilized to build PPI network view and to screen out hub genes in the DEGs by degree method. To compare the distributions of the two groups, Wilcoxon signed-rank test was used. HCC patients in the TCGA were grouped into two expression groups (low and high), according to the median of hub genes’ expression value. Survival differences of the two groups were shown by K-M curves. Furthermore, independent hub genes showing prognosis relevance were screened by univariate and multivariate COX regression. To investigate the association of the expressions of independent prognostic hub genes with immune infiltration fraction levels, the immune infiltration score was calculated using ssGSEA algorithm in the “GSVA”R package (32, 35).




Results


Identification of CAF-Related Genes in HCC

First, 642 CAF-related genes were obtained by eliminating overlapping genes from the intersection of the three CAF-related gene sets (Figure 1A). From TCGA and GSE25097, 8,821 and 1,872 differentially expressed genes (DEGs) were mined by the “DESeq2” R packages and “GEO2R”, respectively. In the next step, 8,821 DEGs in TCGA and 642 CAF-related genes were intersected and 127 differentially expressed CAF-related genes were identified (Figure 1B). Finally, 127 CAF-related genes were verified by intersecting 1,872 DEGs in GSE25097 and 55 genes were filtered (Figure 1C). As depicted in Supplementary Figure 1, the expression of the 55 genes clearly differed between normal and tumor samples. Figure 2 illustrates the flow of this study.




Figure 1 | Screening genes (A) Three cancer-associated fibroblast (CAF)-related gene sets intersect to filter overlapping genes. (B) CAF-related DEGs in The Cancer Genome Atlas (TCGA). (C) Further validation in GSE25097.






Figure 2 | Flow chart.





Cluster Analysis of CAF-Related Genes in HCC

In order to investigate the overall effect of the 55 CAF-related genes in HCC, cluster analysis was utilized to identify different clusters. As shown in the Figure 3A, it could be clearly observed that 369 samples were divided into two clusters (cluster 1 (n=262) and cluster 2 (n=107)) after the removal of one outlier sample. Subsequently, survival analysis was made to explore the survival difference between the two clusters. It was found that cluster 1 had a better OS and PFI than cluster 2, which was demonstrated in Figures 3B, C. Furthermore, PCA plot showed that the two clusters have a good resolution (Figure 3D), suggesting that this cluster pattern is feasible.




Figure 3 | Cluster analysis results. (A) The heat map of the expression differences of 55 CAF-related DEGs in the two clusters. (B) The overall survival (OS) difference of the two clusters. (C) The progression free interval (PFI) difference of the two clusters. (D) Principal component analysis (PCA) plot.





Development of a Prognostic Model Based On Risk Score of HCC Patients

Prognostic genes were filtered from 55 differentially expressed CAF-related genes by Univariate Cox regression analysis and 22 genes were overall survival (OS)-related (P<0.05; Supplementary Figure 2). According to the 22 genes, the mutation and putative copy-number alterations profile of the CAF-related genes with prognostic relevance in HCC was described. Mutations and presumed copy-number changes of CAF-related genes were found in 175 of 366 HCC cases, with a frequency of 48% (Supplementary Figure 3). CTHRC1 had the highest mutation and putative copy-number alteration frequency than ARHGEF11. However, CEP55 exhibited few mutations and putative copy-number alterations in HCC samples. Besides, further analysis was performed to explore mutation mutual exclusivity and co-occurrence relationship. Supplementary Figure 3 presents genes pairs with q-value <0.05 (derived from Benjamini-Hochberg FDR correction procedure) in the analysis results, which suggested that 19 pairs of genes with significant correlation only have a co-occurrence relationship, and ARHGEF11 was significantly positively correlated with most genes, including PEA15, OLFML2B, ASPM, KIF14, CENPF, and RAB20. Then, using LASSO Cox regression, 14 prognostic gene signatures were identified from the 22 CAF-related genes (Supplementary Figure 4A, B). Supplementary Figure 4C depicts the 14-gene correlation network. Finally, five genes (ARHGAP11A, DLGAP5, RFPL4B, TOP2A, TTK) with independent prognostic relevance were identified by multivariate Cox regression and were utilized to build a prognostic risk score model (Supplementary Figure 4D).

According to the median risk score as the cutoff value, the patients were sorted and grouped into two groups: high-risk (n = 185) and low-risk (n = 185). In TCGA, compared with the low-risk score group, the high-risk score group showed a shorter OS (P<0.001; Figure 4A). To the reliability of the risk score and the model, we plotted a time-dependent ROC curve, see Figure 4B for the areas under the curve (AUCs). Furthermore, the heat map of survival status combined with expression difference and risk score distribution in the 5 independent prognostic genes, and PCA, were utilized to differentiate individuals with distinct risk levels. As shown in Figures 5A, B, there is a high degree of discrimination between the high-risk and low-risk scores groups.




Figure 4 | Kaplan-Meier (K-M) curves and time-dependent receiver operating characteristic (ROC) curves of the prognostic model of HCC patients. (A, C) K-M curves of the prognostic model in TCGA and ICGC, respectively. (B, D) 1-year, 3-year, and 5-year ROC curves of the prognostic model in TCGA and ICGC, respectively.






Figure 5 | The verification of the prognostic model’s predicting power. (A) The heat map combined with survival status, risk score distribution, and expression difference in the 5 independent prognostic genes in TCGA. (B) PCA based on the 5 independent prognostic genes in TCGA. (C) The heat map combined with survival status, risk score distribution, and expression difference in the 5 independent prognostic genes in ICGC. (D) PCA of the 5 independent prognostic genes in ICGC.





Verifying the Prediction Capability of the Prognostic Model

HCC samples from ICGC were categorized into low-risk and high-risk score groups to verify the prognostic risk score model, according to the median risk score. As the same results in TCGA, a shorter OS was observed in the high-risk score group (P<0.001) than in the low-risk score group in ICGC (Figure 4C), demonstrating that the predicting model built on risk score in TCGA had a good ability to predict OS. The AUCs were presented in Figure 4D. The risk model constructed based on the ICGC database was further tested using a heat map of survival status along with risk score distribution and expression difference in the 5 independent prognostic genes and PCA. As shown in Figures 5C, D, the prognostic model in ICGC had a strong capacity for predicting prognosis.



The Correlation of Clinicopathological Characteristics With Risk Score

The distribution of risk scores in corresponding samples was investigated in terms of age, gender, clinical stage, histological grade, and AFP level. Higher risk scores were associated with a higher pathologic stage (P = 0.003), histological grade (P < 0.001), and AFP level (P < 0.001) (Supplementary Figures 5C–E), but not with age or gender (P > 0.05; Supplementary Figures 5A, B). Univariate and multivariate Cox analysis included the following factors: age, gender, pathological stage, histological grade, AFP level, and prognostic risk score. The findings suggested that pathologic stage, gender, prognostic risk score, and age were factors related to prognosis (P < 0.05), and that only prognostic risk score, pathologic stage, and age were factors with independent prognosis relevance (P < 0.05; Supplementary Figures 6A, B).



Establishment of Prognostic Nomogram

The prognostic risk score was combined with age, gender, and pathologic stage to build a nomogram for OS prediction (Figure 6A). Figures 6B–D depicted the ROC curves of multiple indicators and demonstrated that the nomogram had a stronger predictive capacity than any other indicator. As illustrated in Figures 6E–G, the nomogram was predictive of the OS for HCC patients and demonstrated comparatively high accuracy, as shown by the calibration curves. Furthermore, decision curve analysis (DCA) revealed that the nomogram outperformed a single independent predictive parameter (Figures 6H–J). To summarize, the predictive potential of the prognostic nomogram was validated from several angles.




Figure 6 | A nomogram build on CAF-related risk score and clinicopathological characteristics related to prognosis to predict OS of HCC patients from TCGA and the verification of its accuracy. (A) The nomogram for predicting 1-year, 3-year, and 5-year OS of HCC patients. (B–D) ROC curves of the nomogram and other indicators including age, gender, stage, and risk score. (E–G) The calibration plots of the nomogram. (H–J) Decision curve analysis for evaluating the accuracy of the nomogram to predict 1-year, 3-year and 5 year OS of individuals with HCC.





Prediction of Chemotherapeutic Drug Sensitivity

To explore potential novel therapies for HCC, the correlation between risk score and chemosensitivity was analyzed. ESMO Clinical Practice Guidelines for HCC (36) was used as a reference to get common chemotherapeutic drugs. The “pRRophetic” R package calculated half-maximal inhibitory concentration (IC50) for predicting the correlation of chemosensitivity between different risk score samples in TCGA. The correlation between the sensitivity to six predicable chemotherapeutic drugs and different risk scores was presented in Figure 7. Low-risk score samples showed higher sensitivity to cisplatin, doxorubicin, sunitinib, and sorafenib (Figures 7B, C, E, F); P<0.001), while high-risk score samples showed higher sensitivity to 5-Fluorouracil and Erlotinib (Figures 7A, D); P<0.001).




Figure 7 | The correlation between IC50 of different drugs and risk score in HCC patients. (A) 5-Fluorouracil. (B) Cisplatin. (C) Doxorubicin. (D) Erlotinib. (E) Sunitinib. (F) Sorafenib.





Immune Infiltration Characteristics of TME Between Low-Risk and High-Risk Groups

Since CAFs are closely associated with TME (13), an investigation was made to explore the difference in immune infiltration characteristics of TME between the two risk groups. As shown in Figures 8A, B, 11 of the 22 immune cells and 5 of the 13 immune-related pathways were found with a significant difference in infiltrating fraction between distinct risk levels group. Furthermore, to explore the correlation between risk score and immune infiltration score, immune analysis based on various algorithms (CIBERSORT, TIMER, quanTIseq, and MCP-counter) were performed. As shown in Figures 8C, D, 20 microenvironment components were positively correlated with risk scores, while 7 microenvironment components were negatively related to risk scores. B cells, CD8 T cells, and Tregs were found with a significantly positive correlation with risk scores, which were confirmed by more than one immune analysis algorithm (Figures 8C, D). To further explore the correlation between immune infiltration characteristics and various risk score groups, ESTIMATE was used to calculate TME scores and tumor purity. The results showed that the stromal score was found to have a significantly higher level in the low-risk group (Supplementary Figure 7). These findings suggested risk score based on CAFs correlated with tumor immune microenvironment.




Figure 8 | The difference in immune infiltration characteristics of tumor microenvironment between low and high risk groups. (A) Immune cell infiltration analysis (B) immune-related pathways infiltration analysis (C, D) the correlation analysis of immune cells by various algorithms statistical significance is indicated by the following symbols: ns, p ≥ 0.05; *, p < 0.05; **, p < 0.01; ***, p < 0.001.





Prediction of Immunotherapy Response

Recently, immunotherapy for hepatocellular carcinoma has been a new hot research topic, and immune checkpoint inhibitors (ICIs) are at the forefront of this revolution (37). To explore the correlation of CAF-related signatures with immunotherapy response, the expression of immune checkpoints between different risk score groups was compared. As Supplementary Figure 8A showed, the expression of 32 of 43 immune checkpoints was found with a significant difference between low- and high-risk groups, and interestingly, all the 32 immune checkpoints were highly expressed in the high-risk group. In addition, as classical representatives of immune checkpoints, the expression of PD-1 and CTLA-4 were found to have a significantly positive correlation with risk scores (Supplementary Figures 8B, C). In short, these results indicated that patients with high-risk scores are more likely to benefit from treatment with ICIs.



Functional Enrichment Analysis

To investigate pathways and molecular processes between the two risk groups, gene set variation analysis (GSVA) enrichment was utilized. As demonstrated in Supplementary Figure 9, a wide range of molecular biological processes showed enrichment in the high-risk group, whereas the majority of metabolic pathways were enriched in the low-risk group.

Moreover, the 5 independent prognostic genes were subjected to Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis to explore possible pathways and molecular functions. Figure 9 shows that the most highly enriched biological processes were meiotic chromosome separation, chromosome separation, sister chromatid segregation, and nuclear chromosome segregation. Additionally, KEGG enrichment analysis indicates that the 5 genes might participate in pathways including platinum drug resistance and cell cycle (Figure 9).




Figure 9 | Top ten representative pathways related to the 5 independent prognostic genes in GO and KEGG enrichment results.





Construction of PPI Network Based on DEGs Between the Low-Risk and High-Risk Groups

First, the “limma” R package screened DEGs between the low-risk and high-risk groups. STRING was utilized to develop a PPI network based on the DEGs. The PPI network was visualized using Cytoscape (Figure 10A), and hub genes were identified by the degree method (Figure 10B). CDK1, AURKB, CDC20, BUB1, KIF11, CCNB1, TOP2A, CDCA8, BUB1B, and CCNA2 were identified as the top ten hub genes. All ten genes were significantly higher-expressed in tumor samples than in normal samples. To explore the differences in survival, patients were grouped into low- and high-expression groups by the median expression of the ten genes. Except for BUB1B, the K-M curves show that the low expression group showed a longer OS (Figure 10D and Supplementary Figures 10A–I). Furthermore, biological pathways and progress related to the ten genes were identified by GO and KEGG enrichment analyses. According to the findings of KEGG enrichment analyses, ten genes were enriched in cell cycle, progesterone-mediated oocyte maturation and oocyte meiosis. In addition, the ten genes were associated with pathways such as condensed nuclear chromosome, protein serine/threonine kinase activity, mitotic cell cycle checkpoint, cyclin-dependent protein kinase activity, histone kinase activity, chromosomal region, spindle, and centromeric region, sister chromatid segregation, and nuclear division, according to the results of GO enrichment analyses (Figure 10C). To identify the genes with independent prognosis relevance, univariate and multivariate COX regression were used. Only CDCA8 and TOP2A were found to be independent prognostic genes (Supplementary Figures 10J, K). Since TOPA2 was identified as a CAF-related independent prognostic gene and its role in HCC was explored above, next only the role of CDCA8 in HCC was further investigated. As shown in Figures 10E–G, high CDCA8 expression is associated with a high T stage, histological stage, and pathological stage, indicating that up-regulated expression of CDCA8 is related to a highly malignant HCC. In addition, the association of CDCA8 expression level with immune cell infiltration level was studied by immune cell infiltration analysis. As shown in Figure 10H, patients with low CDCA8 expression have a high infiltration of cytotoxic and NK cells.




Figure 10 | Protein-protein interaction (PPI) analysis. (A) PPI network constructed using Cytoscape; Blue: high expression DEGs in high-risk group, red: high expression DEGs in low-risk group. (B) Top ten hub genes screen by degree method. (C) GO and KEGG analyses of top ten hub genes. (D) K-M curves of CDCA8 expression level. (E–G) The relationship between CDCA8 expression level and clinicopathological characteristics. (H) The difference in immune infiltration fraction between low and high expression groups of CDCA8 statistical significance is indicated by the following symbols: ns, p ≥ 0.05; *, p < 0.05; **, p < 0.01; ***, p < 0.001.






Discussion

Increasing evidence has shown that CAFs are crucial players in HCC progression (15). For example, CAFs play an important role in the multicellular, stromal-dependent changes that contribute to HCC development. A previous study indicated that CAF-mediated cellular crosstalk supports HCC progression (9). The Yugawa et al. study suggested that CAFs enhance HCC development by downregulating exosomal miR-150-3p (38). Moreover, research by Chen et al. demonstrated that CAFs activate M2-polarized macrophages to promote HCC development through the plasminogen activator inhibitor-1 pathway (12). It is proven that the BAFF/NFκB axis in CAFs leads to sorafenib-resistant HCC cells (39). However, most research concentrates on the impact of a single CAF-related gene regulator in HCC and the combined effects of numerous CAF-related genes remain unclear. The investigation of the involvement of CAF-related gene signatures in HCC might aid in the understanding of CAFs in HCC development, hence, directing to an appropriate treatment strategy.

This is the first research probing into the prognostic significance of CAF-related gene signatures for HCC patients. To improve the reliability of the current results, the GEO database was used to screen CAF-related gene sets in TCGA and the potential of the prognostic model built using CAF-related genes was validated by the ICGC database. Moreover, for obtaining representative prognostic genes and increasing the applicability of the model, LASSO Cox regression and multivariate Cox regression analyses were conducted to screen core CAF-related genes with independent prognosis relevance and to construct a risk score prognostic model. Among the 5 CAF-related genes with independent prognosis relevance in TCGA, the majority of genes played roles in cancer progression. Previous research linked the overexpression of ARHGAP11A, DLGAP5, TOP2A, and TTK to the development of HCC (40–43). ARHGAP11A is a gene that encodes for a protein regulating cell cycle-dependent motility. Recently, ARHGAP11A has been shown to enhance malignant HCC development through an ARHGAP11A-Rac1B interaction (40). Moreover, the Lu et al. study demonstrated that HOXD-AS1 upregulated ARHGAP11A resulting in induced metastasis via competitively binding to microRNA-19a (44). However, the function of ARHGAP11A in CAFs is unknown. This study included ARHGAP11A in the CAF-related genes prognostic model to investigate the role of ARHGAP11A in CAFs.

Moreover, DLGAP5 is a microtubule-associated protein and mitotic phosphorylated substrate of Aurora-A. The Liao et al. research suggested that methylation negatively regulated DLGAP5 expression, which indicates that DLGAP5 may be a methylation biomarker in HCC (41). In a previous study (45), DNA topoisomerase 2-alpha (TOP2A) has been identified as a core gene in HCC, which was again proved by this study. TOP2A, a m6A RNA methylation-modified gene, plays an important function in controlling DNA double strand unwinding and has been therefore regarded as a therapeutic target (45). TOP2A, like DLGAP5, may also be a methylation biomarker in HCC. Monopolar spindle 1 (TTK) is a gene that encodes a dual serine/threonine and tyrosine protein kinase and is required for chromosome alignment and the spindle assembly checkpoint (43). Prior research found that via the activation of the Akt/mTOR and MDM2/p53 signaling pathways, TTK stimulates migration and cell proliferation in HCC (46). In addition, some studies indicated that DLGAP5, TOP2A, and TTK were related to the prognosis of individuals with HCC (43, 47, 48). This study verified these previous conclusions again and evaluated these genes in CAFs in terms of their prognostic significance.

The prognostic risk score model developed with the 5 CAF-related genes was predictive of the OS of patients suffering from HCC. We found that the low-risk group had a longer OS than the high-risk group in the TCGA, which has been confirmed in ICGC database, suggesting that the prognostic model had a strong performance to predict the populace with poor OS in HCC. In addition, the prognostic risk score model combined with clinicopathological characteristics associated with prognosis increased the model’s predictive capability and clinical applicability.

To better understand the impact of the risk score model on HCC, chemosensitivity differences among patients with two risk scores (low, high) were explored. Cisplatin and doxorubicin are widely used in the intra-arterial administration of chemotherapy in early and intermediate HCC (36). The higher sensitivity to cisplatin and doxorubicin in lower risk score patients demonstrated that the prognostic model had the ability to screen patients with relatively high sensitivity to cisplatin and doxorubicin to improve the efficacy in early and intermediate HCC. In the recent decade, sorafenib was recognized as the only available standard of care for advanced HCC (49). The chemosensitivity to sorafenib was negatively related to the risk score of HCC patients, which indicated the model could identify individuals with relatively higher sensitivity to sorafenib in advanced HCC, thus improving their prognosis.

Recently, TME is considered to be an important part of the occurrence, development, invasion and metastasis of HCC (50). A variety of immune or stromal cell types observed in HCC collaborate in the formation of an immunosuppressive TME and their presence is often associated with prognosis (51), which was also observed in this study. For instance, there was also a significant difference in stromal scores between the low-risk and high-risk groups with significantly different OS. A previous study discovered that CAFs were related to the suppression of NK cell activity in HCC (13), but the link between CAFs and other numerous immune cells in HCC is uncertain. In this research, patients scored as having a high risk showed a greater infiltration of B cells, CD8 T cells, and immunosuppressive cells such as Tregs. These findings might help with personalized immunotherapy and improvement of the treatment outcomes.

This study may have several limitations. First, the lack of in-depth mechanism research is the main limitation. Therefore, experimental research must be conducted to confirm the detailed molecular processes of the CAF-related gene signatures in the future. Secondly, further clinical research should be carried out to verify the prognostic model built on the 5 CAF-related genes. Furthermore, the study relied solely on public sources data, which may involve selection bias.



Conclusion

In conclusion, this study evaluated the prognostic value of CAF-related gene signatures in HCC. Based on the expression pattern of CAF-related genes, two clusters were identified and found to have a difference in OS and PFI. CAF-related prognostic risk score model can be utilized for prognostic prediction of HCC. The risk score based on CAFs can predict chemotherapy sensitivity and immunotherapy response for improving prognosis in HCC. Additionally, there was a correlation between immune infiltration characteristics of TME and patients with different risk levels, which may aid in creating a cooperative effect in CAF-targeted treatments and immunotherapy. These findings present a favorable predicting model in prognosis, potentially paving the way for individualized HCC therapy in the future.
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Background

Pancreatic cancer has a 5-year overall survival lower than 8%. Pancreatic adenocarcinoma (PAAD) is the most common type. This study attempted to explore novel molecular subtypes and a prognostic model through analyzing tumor microenvironment (TME).



Materials and Methods

Single-cell RNA sequencing (scRNA-seq) data and expression profiles from public databases were downloaded. Three PAAD samples with single-cell data and 566 samples with gene expression data were included. Seurat was used to identify cell subsets. SVA merged and removed batch effects from multichip datasets. CIBERSORT was used to evaluate the components of different cells in transcriptome, ConsensusClusterPlus was used to identify molecular subtypes, and gene set enrichment analysis was used for functional enrichment analysis. LASSO Cox was performed to construct dimensionality reduction and prognosis model.



Results

Memory B cells (MBCs) were identified to be significantly with PAAD prognosis. Two immune subtypes (IS1 and IS2) with distinct overall survival were constructed. Forty-one DEGs were identified between IS1 and IS2. Four prognostic genes (ANLN, ARNTL2, SERPINB5, and DKK1) were screened to develop a prognostic model. The model was effective in classifying samples into high-risk and low-risk groups with distinct prognosis. Three subgroups of MBCs were identified, where MBC_0 and MBC_1 were differentially distributed between IS1 and IS2, high-risk and low-risk groups.



Conclusions

MBCs were closely involved in PAAD progression, especially MBC_0 and MBC_1 subgroups. The four-gene prognostic model was predictive of overall survival and could guide immunotherapy for patients with PAAD.
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Introduction

Pancreatic cancer has high death rate, and pancreatic adenocarcinoma (PAAD) is the most common pathological type. According to global cancer statistics, in 2020, 495,773 new cases of pancreatic cancer were diagnosed and 466,003 deaths occurred (1). However, the incidence varied greatly among different regions. Age-standardized rate was the highest in Europe and North America but the lowest in Africa and South Central Asia (2). Significant difference of incidence is also observed between developed countries and developing countries (3). Smoking, alcohol, obesity, and dietary factors are main risk factors contributing to the development of pancreatic cancer and its unfavorable survival (4). New diagnosed patients are common at advanced stage, resulting in a low overall survival rate of only 8% (5). Therefore, early diagnosis for pancreatic cancer is required for improving prognosis.

Tumor microenvironment (TME) plays a critical role in cancer development. The composition and distribution of different immune cells affects anti-tumor immune response and the formation of immune escape TME. Tumor-associated macrophages (TAMs), regulatory T cells (Tregs), and myeloid-derived suppressor cells (MDSCs) are major immunosuppressive cells helping tumor cells to escape immune capture. Immunosuppressive TME is involved in metastasis through activating oncogenic pathways such as angiogenesis, epithelial–mesenchymal transition (EMT), and transforming growth factor (TGF)-β signaling pathways in pancreatic cancer (6). Targeting TME is considered as a promising immunotherapy for cancer treatment. Programmed cell death protein-1 (PD-1) and cytotoxic T-lymphocyte–associated protein 4 (CTLA-4) are two important immune checkpoints that can impede anti-tumor response when combined with their receptors. The inhibitors of PD-1 and CTLA-4 could activate immune response of tumor cells in clinical trials of different cancer types, including pancreatic cancer (7). However, not all patients can benefit from immune checkpoint blockade (ICB). Further understanding of TME and molecular features in pancreatic cancer is needed to facilitate the exploration of new therapeutic drugs.

Single-cell sequencing technology facilitates a deep excavation of molecular data of TME. In this study, we introduced single-cell RNA sequencing (Single-cell RNA sequencing) data from public database and applied single-cell analysis to screen valuable information. We found that a group of immune cells, memory B cells (MBCs), was able to serve as molecular features to classify patients with PAAD into different molecular subtypes. On the basis of the markers of MBCs, we identified four prognostic genes and constructed a prognostic model that could predict overall survival for patients with PAAD. Importantly, the prognostic model was able to identify patients who may be more sensitive to ICB therapy.



Materials and Methods


Data Source

For the workflow of this study, see Supplementary Figure S1A. scRNA-seq data of normal and PAAD samples were downloaded from Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). Expression profiles of normal and tumor samples were downloaded from GEO, The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov/), and International Cancer Genome Consortium (ICGC) database (https://dcc.icgc.org/).



Data Preprocessing

GSE165399 (8) cohort contained scRNA-seq data of one normal sample (GSM5032773) and two tumor samples (GSM5032771 and GSM5032772). Seurat R package was employed to preprocess single-cell data (9). Data were first screened under condition that each gene expressed at least in three cells and each cell expressed at least 250 genes. Then, “PercentageFeatureSet” function was conducted to calculate the percentage of mitochondria and rRNA. Finally, single cells were filtered under the standards that each cell expressed 500–6,000 genes, mitochondria percentage was less than 35% and unique molecular identifiers (UMI) of each cell was over than 1,000. Quality control of single-cell data before and after preprocessing was shown (Supplementary Figures S1B, C ,S2A). Log-normalization was performed to normalize data of three samples. “FindVariableFeatures” function was conducted to excavate highly variable genes. Then, “FindIntegrationAnchors” was used to remove batch effects, and “IntegrateData” function was performed to combine data. Next, “ScaleData” function was used to scale data, and principle component analysis was performed to reduce data dimensionality (Supplementary Figures S2B, C).

For GSE21501 (10), GSE28735 (11), GSE57495 (12), GSE62452 (13), and GSE85916 cohorts, samples without survival status or survival time were excluded. To combine five cohorts, limma (14) and sva R packages were used to remove batch effects and normalize the data (named as GEO cohort) (Supplementary Figures S2D, E). A total of 320 PAAD samples and 16,466 genes were remained. For TCGA-PAAD and ICGC-AU cohort, samples without survival time or survival status were removed. Finally, 156 and 90 tumor samples remained in TCGA-PAAD and ICGC-AU cohort, respectively. The sample clinical characteristics of each dataset were in Supplementary Table S1.



Single-Cell Annotation

First, “FindNeighbors” and “FindClusters” function in Seurat R package were performed to cluster single cells under dim = 30 and resolution = 0.5. Cells were clustered into different subgroups. Markers of different immune cells were obtained from previous research (15). Single-sample gene set enrichment analysis (ssGSEA) was conducted to calculate enrichment score of immune cells and annotate subgroups. Marker genes of different cell types related to pancreatic tissue were obtained from CellMarker (http://biocc.hrbmu.edu.cn/CellMarker/) (16). The top five enriched marker genes of each subgroup were identified using “FindAllMarkers” function under logfc = 0.5 and Minpct = 0.35 (P < 0.05).



Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) calculates enrichment score of genes, cells, or signatures based on expression profiles and is widely implemented in analyzing cancer data (17). The strength of the method is to interpret biological meaning such as functional pathways and biological process based on a series of gene sets. GSEA was performed to assess the enrichment of hallmark pathways based on a gene set “h.all.v7.4.symbols.gmt” downloaded from Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/). SsGSEA, which is developed based on GSEA, allows a calculation of enrichment score for each sample (18). We used ssGSEA to assess the enrichment score of 10 oncogenic pathways (19).



Unsupervised Consensus Clustering

Unsupervised consensus clustering is a useful method to discover biological characteristics in cancer study. We applied ConsensusClusterPlus R package (20) to perform consensus clustering for samples in TCGA-PAAD cohort based on markers of MBCs. Expression data of markers were normalized. partitioning around medoids (PAM) algorithm was conducted, and “Canberra” was used as measurement distance. Five hundred bootstraps were conducted with each bootstrap containing 80% samples of TCGA-PAAD cohort. Cluster number k was set from 2 to 10. Cumulative distribution function (CDF) and area under CDF curve were used to confirm the optimal cluster number.



Identifying Differential Expressed Genes Between Two Subtypes

Limma R package was employed to identify differential expressed genes (DEGs) between different subtypes (21). False discovery rate (FDR < 0.05) and |log2(fold change(FC))| > 1 were set to screen DEGs (both upregulated and downregulated genes).



Constructing a Prognostic Model

TCGA-PAAD cohort served as training cohort, and GEO and ICGC-AU cohorts served as validation cohorts. Univariate Cox regression analysis in survival R package was employed to screen prognostic genes (P < 0.05) in TCGA-PAAD cohort. Next, least absolute shrinkage and selection operator (LASSO) Cox regression analysis in glmnet R package was performed to decrease the number of genes (22). Ten-fold cross-validation was conducted to validate the prognostic model. Receiver operating characteristic (ROC) curve analysis in timeROC R package was performed to evaluate the effectiveness of the prognostic model (23).



Tumor Immune Dysfunction and Exclusion Analysis

To predict the response to ICB, tumor immune dysfunction and exclusion (TIDE) analysis (http://tide.dfci.harvard.edu/) was introduced (24). Signatures, including T cell dysfunction, T cell exclusion, and immunosuppressive cells, were used as a basis to calculate enrichment score for high-risk and low-risk groups. TIDE analysis was effective in predicting the mechanism of immune escape within TME for various cancer types.



CIBERSORT Analysis

CIBERSORT (http://cibersort.stanford.edu/) was applied to evaluate the enrichment of 22 immune cells (25). The CIBERSORT tool could estimate the proportion of immune cells in TME based on gene expression data. In this study, we applied CIBERSORT to predict the enrichment score of different MBC subgroups.



ReactomeGSA for Analyzing Single-Cell Data

To analyze the function of MBCs, Reactome database (https://reactome.org/) and ReactomeGSA were introduced (26). ReactomeGSA tool can be linked to Reactome database and enable assessment of functional pathways on multi-omics. The top 20 differentially enriched pathways were visualized.



Statistical Analysis

All statistical analysis was performed in R software (v4.1.0). Student t-test was conducted between the two groups. ANOVA was conducted among three or more than three groups. Log-rank test was performed in Kaplan–Meier survival analysis. Parameters were default if there was no indication. P < 0.05 was considered as significant. ns, no significant, *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001.




Results


Defining Cells in PAAD Single-Cell Data

The scRNA-seq data of three samples in GSE165399 dataset were preprocessed to screen valid data (Supplementary Figures S1B, C ,S2A). After the screening, one gene expressed at least in three cells and one cell expressed at least 500 genes. The mitochondrial percent was lower than 35%, and UMI of each cell was more than 1,000. Then, the screening data were normalized, and three samples were combined to remove batch effects. Principle component analysis was applied to diminish dimensionality (Supplementary Figures S2B, C). Two-dimensional scRNA-seq data of single cells were clustered using UMAP, and 14 clusters were generated (Figures 1A–C). Compared to the normal sample (GSM5032773), tumor samples had an obviously different distribution of cells, suggesting that normal and tumor samples possibly had different cell types. According to the markers of 22 immune cells from a previous study (15), we annotated 14 subgroups, and finally, 12 cell types were identified (Figure 1D). The top five DEGs of 12 cell types were screened (P < 0.05, Figure 1E).




Figure 1 | Dimensionality reduction and subgrouping of single cells. (A) UMAP plot of three samples including GSM5032771, GSM5032772, and GSM5032773. (B) UMAP plot of normal and tumoral samples. (C) UMAP plot of cell subgrouping. (D) UMAP plot of cell type definition. (E) The top five enriched markers of 12 cell types. Horizontal axis indicated markers and vertical axis indicated cell types.





Identifying Cell Types Associated With PAAD Prognosis

Then, we used the screened DEGs of 12 cell types to calculate enrichment score of each sample in TCGA and GEO cohorts. Univariate Cox regression analysis revealed that four and three cell types were associated with PAAD prognosis in TCGA and GEO, respectively (P < 0.05, Figure 2A). However, only MBCs were related to prognosis in both two cohorts. Survival analysis showed that the enrichment of MBCs was significantly associated with PAAD overall survival in the two cohorts (P < 0.01, Figures 2B, C). Low enrichment of MBCs had more favorable prognosis than high enrichment of MBCs.




Figure 2 | The relation between enrichment of different cell types and PAAD prognosis. (A) Forest plot of different cell types in the relation to prognosis in TCGA and GEO cohorts. Red indicates P < 0.05. (B, C) Kaplan–Meier survival plots of high and low enrichment of MBCs in TCGA-PAAD (A) and GEO (B) cohorts.





Constructing Molecular Subtypes Based on Markers of Memory B Cells

As we identified that MBCs were an important cell groups in PAAD, we considered that the expression of their markers were associated with prognosis. Therefore, on the basis of 107 markers of MBCs, unsupervised consensus clustering was conducted to construct molecular subtypes. According to CDF curve and delta area under CDF curve (Figures 3A, B), cluster number k = 2 was determined to classify PAAD into two immune subtypes (IS1 and IS2, Figure 3C). Survival analysis showed that IS1 had better overall survival than IS2 in both two cohorts (P < 0.01, Figures 3D, E). Six types of immune subtypes were obtained from previous studies (27), namely, C1 (wound healing), C2 (inf-r dominant), C3 (inflammation), C4 (lymphocyte depletion), C5 (immunological silencing), and C6 (TGF-β dominant). Comparison of the relationship between the two molecular subtypes and these six types of immune cell infiltration showed that IS1 mainly accounted for a large proportion than C3 and C6 and that IS2 mainly enriched with C1 and C2. There were significant distribution differences between them (p < 0.01, Figure 3F). In the relation between subtypes and other clinical information, subtypes were significantly associated with survival status and grade (Supplementary Figure S3). Dead samples were more enriched in IS2, and grade 1 was more distributed in IS1. In addition, IS2 had obviously higher proportion of high enrichment of MBCs (Supplementary Figure S3I), which was consistent with previous result that high enrichment of MBCs had unfavorable prognosis.




Figure 3 | Unsupervised consensus clustering of PAAD samples based on markers of MBCs in TCGA-PAAD cohort. (A, B) Consensus CDF curve and area under CDF curve when k = 2–10. (C) Consensus matrix when k = 2. (D, E) Kaplan–Meier survival plot of IS1 and IS2 groups in TCGA-PAAD and GEO cohorts. Log-rank test was conducted. CDF, cumulative distribution function. (F) Intersection between two molecular subtypes and the previous six immune subtypes.*P < 0.05.





Tumor-Related Pathways Were More Enriched in IS2

Next, we analyzed hallmark pathways of the two subtypes in two cohorts. In TCGA cohort, only one pathway was enriched in IS1, whereas 37 pathways were enriched in IS2. In GEO cohort, six pathways were enriched in IS1, and 18 pathways were enriched in IS2. Comparison of enriched pathways in two cohorts demonstrated that proximal tubule bicarbonate reclamation was enriched in IS1 in both two cohorts (Figures 4A, B). Eighteen pathways were enriched in IS2 in both cohorts, such as p53 signaling pathway, cell cycle, DNA replication, small cell lung cancer, and mismatch repair (Figures 4C, D). The results showed that tumor-related pathways were more activated in IS2, which may contribute to its worse prognosis.




Figure 4 | GSEA of hallmark pathways in TCGA-PAAD and GEO cohorts. (A, B) Enriched pathways of IS1 in TCGA-PAAD (A) and GEO (B) cohorts. (C, D) Enriched pathways of IS2 in TCGA-PAAD (C) and GEO (D) cohorts.





The Relation Between DEGs and Memory B Cells

Gene expression profiles between IS1 and IS2 were compared to screen DEGs. In TCGA cohort, 100 upregulated and 237 downregulated genes were identified from IS1 (FDR < 0.05, |log2(FC)| > 1; Figures 5A, B). In GEO cohort, 50 upregulated and 17 downregulated genes were identified from IS1 (FDR < 0.05, |log2(FC)| > 1; Figures 5C, D). We found that 28 DEGs were upregulated and 13 DEGs were downregulated in IS1 in both two cohorts (Figure 5E). Furthermore, we assessed the correlation between the identified DEGs and MBCs. The results showed that 13 downregulated DEGs were positively correlated with the enrichment of MBCs, and 28 upregulated DEGs were negatively correlated with MBCs (Figure 6), suggesting that these DEGs were possibly involved in the PAAD development.




Figure 5 | Differential analysis between IS1 and IS2. (A) Volcano plot of DEGs in TCGA-PAAD cohort. (B) Unsupervised consensus clustering for TCGA-PAAD samples based on DEGs. (C) Volcano plot of DEGs in GEO cohort. (D) Unsupervised consensus clustering for GEO samples based on DEGs. (E) Venn plot of upregulated and downregulated genes in TCGA-PAAD and GEO cohorts.






Figure 6 | Pearson correlation analysis between MBCs and 41 key DEGs in TCGA-PAAD (A) and GEO (B) cohorts. Blue indicates negative correlation and red indicates positive correlation. *P < 0.05, **P < 0.01, and ***P < 0.001.





Establishing a Prognostic Model Based on DEGs

As we identified 41 DEGs associated with MBCs, a prognostic model was established based on them. Univariate Cox regression analysis was applied to these DEGs in TCGA cohort, and 16 DEGs were screened to be associated with prognosis. To further decrease the number of genes, we performed LASSO Cox regression analysis. The coefficients of DEGs close to zero showed an increasing lambda value (Supplementary Figure S4A). Ten-fold cross-validation calculated the confidence interval of each lambda value (Supplementary Figure S4B). When lambda = 0.0661, the model reached the optimal. Finally, four genes were remained, including ANLN, ARNTL2, SERPINB5, and DKK1. The four-gene prognostic model was defined as risk score = 0.294*ANLN + 0.155*ARNTL2 + 0.138*SERPINB5 + 0.058*DKK1.

Risk score was calculated for each sample in TCGA cohort. Samples were divided into high-risk and low-risk groups, according to the cut-off of z-score = 0. High-risk group had more dead samples than low-risk group (Figure 7A). Four genes were all high-expressed in high-risk group, compared to low-risk group. ROC analysis revealed that the prognostic model had the strongest performance in predicting 5-year overall survival (AUC = 0.74, 95% CI = 0.60–0.88; Figure 7B). Survival analysis showed differential overall survival of two groups (P = 0.00028, Figure 7C). In another two independent cohorts (GEO and ICGC), similar results were observed, and samples could be significantly classified into high-risk and low-risk groups (Supplementary Figures S5 ,S6).




Figure 7 | Evaluation of the four-gene prognostic model in TCGA-PAAD cohort. (A) The distribution of PAAD samples and expression of prognostic genes ranking by risk score. (B) ROC curve of the prognostic model in predicting 1-, 3-, and 5-year overall survival. (C) Kaplan–Meier survival plot of high-risk and low-risk groups. Log-rank test was conducted.





Tumor Microenvironment of High-Risk and Low-Risk Groups

Then, we assessed the distribution of 22 immune cells in high-risk and low-risk groups. Macrophages and CD4 T cells contributed a large proportion in two groups (Figure 8A). In addition, we calculated the enrichment score of 10 oncogenic pathways, and 4 of 10 pathways were differentially enriched between the two groups (P < 0.01, Figure 8B). Cell cycle, Hippo signaling, NRF1, and WNT signaling pathways were more activated in high-risk group, indicating that these pathways were possibly involved in the PAAD development. ESTIMATE analysis revealed that low-risk group had higher immune infiltration than high-risk group (P = 0.018, Figure 8C), indicating that immune infiltration degree may affect the prognosis. To further understand the TME of two groups, we analyzed the expression of immune checkpoints, chemokines, and chemokine receptors. The data revealed that 26 of 47 immune checkpoints such as LAG3, CTLA4, PDCD1, and CD274 were differentially expressed between high-risk and low-risk groups (P < 0.05, Figure 8D). Twenty-one of 44 chemokines and 11 of 18 chemokine receptors were differentially expressed between the two groups (P < 0.05, Figures 8E, F). In GEO cohort, similar results were observed that high-risk group had higher immune infiltration than low-risk group (Supplementary Figure S7). Cell cycle and Hippo signaling pathway were also more activated in high-risk group. The above results indicated that high-risk and low-risk groups had different TME that may lead to different immune response.




Figure 8 | Comparison of TME between high-risk and low-risk groups in TCGA-PAAD cohort. (A) A heatmap describing distribution of 22 immune cells in high-risk and low-risk groups. (B) Enrichment score of 10 oncogenic pathways in high-risk and low-risk groups. (C) Immune score of high-risk and low-risk groups. (D–F) Expression of immune checkpoints (D), chemokines (E), and chemokine receptors (F) in two groups. Student t-test was performed between two groups. ns, no significance. *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001.





Differential Immune Response to Immunotherapy of Two Groups

As high-risk and low-risk groups displayed distinct TME and expression of immune checkpoints, we speculated that they may have different response to ICB. Therefore, TIDE analysis was applied to calculate TIDE score for two groups in TCGA and GEO cohorts. In TCGA cohort, high-risk group had higher TIDE score than low-risk group, suggesting that low-risk group was more sensitive to ICB (P = 0.012, Figure 9A). In addition, high-risk group had lower score of T cell dysfunction but higher score of T cell exclusion (P < 0.0001, Figures 9B, C), indicating the different mechanism of immune escape of two groups. Moreover, MDSCs, an immunosuppressive cell type, were highly enriched in high-risk group (P < 0.0001, Figure 9D). In GEO cohort, the same results were obtained (Figures 9E–H), demonstrating that high-risk and low-risk groups had different immune response to immunotherapy. The prognostic model associating with MBCs was robust in predicting the response to immunotherapy. In addition, we also compared the relationship between IS1-2 and existing molecular subtypes and patients in high-risk and low-risk groups. It can be observed that patients in high-risk group mainly came from IS2, C1 and C2 immune subtypes, whereas patients in low-risk group mainly came from IS1, C3 and C6 immune subtypes (Supplementary Figure S8A). By mapping the four key genes into the string database, it can be observed that there was no direct interaction between them, which suggested that these genes may each perform different functions (Supplementary Figure S8B). Analysis on the relationship between the expression of these genes and MBCs showed that ANLN had a significant positive correlation with MBCs, and ARNTL2 and SERPINB5 had a significant negative correlation with MBCs (Supplementary Figure S8C).




Figure 9 | TIDE analysis of high-risk and low-risk groups. (A–H) Comparison of TIDE score (A, E), T cell dysfunction (B, F), T cell exclusion (C, G) and enrichment score of MDSCs (D, H) between high-risk and low-risk groups in TCGA-PAAD (A–D) and GEO (E–H) cohorts. *P < 0.05, **P < 0.01, and ****P < 0.0001.





Identifying Subgroups of MBCs Related to PAAD Prognosis

In the previous section, we found that MBCs were significantly associated with PAAD prognosis. To further evaluate the function of MBCs in PAAD development, we used unsupervised consensus clustering for 554 MBCs based on markers of MBCs. MBCs were classed into three subgroups (MBC_0, MBC_1, and MBC_2). Three subgroups expressed different markers. MBC_0 only expressed FCGR2A; MBC_1 only expressed FCGR2A, VSIR, and CXCL1; and MBC_2 only expressed CD40, CDK2, LTB, and CXCL16 (Supplementary Figure S9A). The three subgroups had distinct enrichment on the top 20 enriched pathways, possibly indicating different function of them (Figure 10A).




Figure 10 | Identification of three MBC subgroups. (A) The top 20 enriched pathways of three MBC subgroups. Blue indicates low enrichment and red indicates high enrichment. (B) The distribution of MBC_0, MBC_1, and MBC_2 in normal and tumor samples. (C, D) Cell trajectory of state1, state2, and state3. Red to blue indicates pseudotime from early to late.



To understand their development and distribution, we performed monocle to reveal the cell trajectory of the three subgroups (Figures 10B–D). All three classes of MBCs enriched in tumor cells and slightly existed in normal cells (Figure 10B). State 1 located in the early pseudotime and state 3 located in the late pseudotime (Figures 10C, D). Of the distribution of three classes of MBCs, MBC_2 was more enriched in the early pseudotime, whereas MBC_1 majorly located in the late pseudotime (Supplementary Figure S9B). The expression trajectory of seven markers also obviously varied by pseudotime (Supplementary Figure S9C).

We further analyzed whether the two types of classes (IS1 and IS2, high-risk and low-risk groups) had a difference on the distribution of different MBCs using CIBERSORT. In TCGA-PAAD dataset, only MBC_0 and MBC_1 were observed. We found a significant difference of both MBC_0 and MBC_1 enrichment between IS1 and IS2 (P < 0.0001, Figures 11A, B). Specifically, IS1 had higher enrichment of MBC_0 but lower enrichment of MBC_1, suggesting that MBC_0 may be a protective factor of PAAD prognosis. The supposal was further illustrated in high-risk and low-risk groups, as low-risk group had a higher proportion of MBC_0 compared with high-risk group (P < 0.0001, Figure 11C). However, MBC_1 was highly enriched in high-risk group (P < 0.0001, Figure 11D), which was consistent with the above results.




Figure 11 | MBC enrichment of different groups in TCGA-PAAD cohort. (A, B) Comparison of the enrichment of MBC_0 and MBC_1 between IS1 and IS2. (C, D) Comparison of the enrichment of MBC_0 and MBC_1 between high-risk and low-risk groups. ****P < 0.0001.






Discussion

On the basis of the analysis of single-cell data, we discovered that MBCs were significantly associated with PAAD prognosis. Therefore, we constructed two molecular subtypes based on the markers of MBCs. IS1 and IS2 showed differential overall survival and clinical features, supporting that MBCs played an important role in PAAD development. To identify functional pathways that may be involved in prognosis, we analyzed the enriched pathways in IS1 and IS2 through GSEA. Tumor-related pathways such as cell cycle, DNA replication, mismatch repair, and p53 signaling pathway were highly enriched in IS2 group, suggesting that these pathways may result in worse prognosis of IS2.

A total of 41 DEGs were found between IS1 and IS2, and they were all observed to be positively or negatively associated with the enrichment of MBCs. It could be speculated that these DEGs were possibly involved in PAAD development and MBC regulation. With this hypothesis, we screened four prognostic genes (ANLN, ARNTL2, SERPINB5, and DKK1) based on 41 DEGs and constructed a four-gene prognostic model. According to the expression of four genes, risk score was calculated for each sample. PAAD samples were divided into high-risk and low-risk groups with distinct overall survival, which demonstrated that four genes were involved in cancer progression. It was worth mentioning that the prognostic relationship of these four genes in pancancer can be assessed by SangerBox online analysis platform (http://vip.sangerbox.com). We observed that these genes not only were significantly related to prognosis in pancreatic cancer but also were associated with poor prognosis in many tumors, especially lung cancer. These genes showed significant prognostic differences in lung cancer. Moreover, ANLN, SERPINB5, and ARNTL2 were also associated with poor prognosis of RCC. DDK1 and ARNTL2 were significantly associated with poor prognosis of low-grade gliomas (Supplementary Figures S10A–D). Previous studies have reported that these four genes biomarkers for predicting prognosis in various cancer types. Especially, DKK1 was widely reported to participate cancer development and metastasis. In breast cancer, DKK1 stimulates the metastasis of breast-to-bone through regulating WNT signaling pathway (28). However, DKK1 inhibits lung metastasis through suppressing WNT/Ca2+-CaMKII-NF-κB signaling, indicating a dual role of DKK1 in the metastasis of breast cancer (28). DKK1 is commonly overexpressed in many cancer types. Betella et al. proposed that DKK1 overexpression may contribute to exhaustion of effective T cells and advanced clinical stages and unfavorable prognosis in ovarian cancer (29). In our study, DKK1 was also higher-expressed in high-risk group. Moreover, a strong correlation was also found between DKK1 and MDSCs (30), where DKK1 targeted β-catenin in MDSCs in pancreatic cancer. High-risk group had a higher infiltration of MDSCs, indicating that DKK1 may have an immunomodulatory role by targeting MDSCs.

ARNTL2 was identified as a potential biomarker to predict cancer progression of colorectal cancer (31). In clear cell renal cell carcinoma, high expression of ARNTL2 is correlated with worse overall survival (32), which is consistent with our research. In addition, the group presenting high expression of ARNTL2 manifested high immune infiltration and high expression of immune checkpoints such as PD-L1 and CTLA4 (32). However, our result showed that high-risk group with high ARNTL2 expression had lower immune infiltration and lower expression of immune checkpoints, suggesting that ARNTL2 may function differentially across cancer types.

ANLN was considered to play an oncogenic role in cancer development. Zhou et al. demonstrated that knockdown of ANLN in breast cancer cell lines inhibits the proliferation of cancer cells and blocked cell cycle progression (33). Wang et al. found that ANLN expressed was significantly upregulated in pancreatic cancer, and its downregulation greatly suppresses cell proliferation and migration (34), which illustrated the prognostic value of ANLN in pancreatic cancer.

SERPINB5 has both suppressive and promotive function on cancer progression, according to previous research. In colorectal cancer, SERPINB5 overexpression is associated with poor overall survival and progression-free survival (35). Mardin et al. illustrated that upregulated SERPINB5 expression was correlated with increased metastasis resulted from SERPINB5 methylation in pancreatic ductal adenocarcinoma (36). The above observations provided evidence that SERPINB5 can serve as a prognostic biomarker for pancreatic cancer.

Overall, these four prognostic genes identified in our research have been reported to be involved in cancer development. They all could serve as prognostic biomarkers in pancreatic cancer. Our study constructed the four-gene prognostic signature that was more accurate to predict prognosis. In addition, TIDE analysis proved that the signature has the potential to guide ICB and that patients with PAAD could benefit more from personalized therapy.

Furthermore, we identified three subgroups of MBCs that had differential molecular features. MBC_0 and MBC_1 had differential enrichment in IS1 and IS2, high-risk and low-risk groups. Although we found that higher enrichment of MBCs was associated with more favorable prognosis, it was not applicable to all MBCs. MBC_0 was identified as a group of protective cells for inhibiting cancer progression as its higher enrichment in IS1 and low-risk group. However, further assessment and experiments are needed to further analyze the role of MBCs in pancreatic cancer.



Conclusions

In conclusion, by exploring TME of pancreatic cancer using single-cell analysis, we found that MBCs were an important group of cells involved in cancer development of pancreatic cancer. The four-gene prognostic model based on markers of MBCs could predict overall survival and guide personalized therapy for pancreatic cancer patients. Importantly, we discovered two subgroups of MBCs (MBC_0 and MBC_1) with strong correlation with PAAD prognosis. Further studies are needed to explore the mechanism of MBC_0 and MBC_1 in PAAD progression.
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Supplementary Figure 7. | Comparison of TME between high-risk and low-risk groups in GEO cohort. (A) A heatmap describing distribution of 22 immune cells in high-risk and low-risk groups. (B) Enrichment score of 10 oncogenic pathways in high-risk and low-risk groups. (C) Immune score of high-risk and low-risk groups. (D–F) Expression of immune checkpoints (D), chemokines (E) and chemokine receptors (F) in two groups. Student t test was performed between two groups. ns, no significance. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.

Supplementary Figure 8. | (A) Association between IS1-2 and existing molecular subtypes and patients in high-risk and low-risk groups. (B) Interaction between four key genes. (C) Relationship between the expression of four key genes and memory B cells.

Supplementary Figure 9. | (A) Markers of MBC_0, MBC_1 and MBC_2. (B) The distribution of three MBC subgroups in different pseudotime. (C) The distribution of seven markers in different pseudotime.

Supplementary Figure 10. | (A) Prognostic difference forest map of DDK1 in Pan cancer. (B) Prognostic difference forest map of ANLN in Pan cancer. (C) Prognostic difference forest map of SERPINB5 in Pan cancer. (D) Prognostic difference forest map of ARNTL2 in Pan cancer.
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Purpose

The immunotherapy of lung adenocarcinoma (LUAD) has received much attention in recent years and metabolic reprogramming is linked to immune infiltration in the tumor microenvironment. Therefore, it is indispensable to dissect the role of immune-related metabolic genes in lung adenocarcinoma.



Methods

In this study, we screened immune-related genes by Pearson correlation. The function of these genes was explored by gene ontology (GO) and KEGG (Kyoto Encyclopedia of Genes and Genomes) enrichment analysis. The differently expressed immune-related genes were analyzed by Limma. Furthermore, the LUAD patients were clustered based on immune-related genes through consensus clustering. The Unicox was used to identify survival-immune-related metabolic genes. The Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis was used to optimize the gene sets. A prediction model was constructed and tested. The potential therapeutic target was selected based on two criteria, these immune-related metabolic genes that were highly expressed in tumor tissues and negatively correlated with the survival of patients in LUAD. Quantitative real‐time PCR (qRT‐PCR) was used for in vitro experimental validations.



Results

We identified 346 immune-related genes, mainly involved in arachidonic acid metabolism and peroxisome proliferator-activated receptor (PPAR) signaling. Moreover, a total of 141 immune-related genes were dysregulated between tumor and normal tissues. We clustered three subtypes of LUAD based on immune-related metabolic genes and these subtypes exhibited different survival and immune status. We found Ribonucleotide Reductase Regulatory Subunit M2 (RRM2) as a potential therapeutic target, which is positively correlated with the cyclin-dependent kinase family of genes.



Conclusion

We comprehensively analyzed the immune-related metabolic genes in LUAD. RRM2 was determined as a promising metabolic checkpoint for lung adenocarcinoma.
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Introduction

Lung cancer is one of the most common causes of cancer-related mortality. Adenocarcinoma is the most common histological type of lung cancer (1, 2). Lung adenocarcinoma (LUAD) has an unfavorable 5-year survival rate which makes only 15% (3–5). In the past few decades, surgical resection, chemotherapy, radiotherapy, and targeted molecular therapies have been carried out in clinical practices to treat LUAD. However, most LUAD patients are usually diagnosed at advanced and late stages, thus having poor prognosis. In recent years the relationship among cancer immunotherapy, tumor microenvironment, and metabolism has gotten much of attention. Hence, comprehensively understanding the role of immune-related metabolic genes involved in the occurrence and development of LUAD is crucial for the diagnositc and prognositic prospetcs.

The tumor microenvironment (TME) is the cellular environment in which the tumor develops. TME is closely related to the occurrence and development of tumors (6, 7). It included inflammatory and stromal cells that infiltrate the tumors. Lymphocytes infiltrating tumor tissues have been discovered for more than hundred years. After 1960, people began to consider the relationship between immunity and prognosis (8). It has been found that the infiltration of T cells (80%) in the majority of tumors is positively correlated with the tumor metastasis (9). Aberrant cellular metabolism is emerging as a novel therapeutic target, and the interplay between metabolic remodeling and immune regulation in cancer represents a potential area of investigations (10, 11).

Abnormal activation of oncogenic genes, such as Myc and Ras can directly regulate intracellular metabolic pathways (12). Moreover, immune cells can also change metabolic pathways and further affect cellular functions (13). The abnormal metabolism of tumors not only enables tumors to survive in an environment of hypoxia and nutrient deficiency, but the products of metabolism can inhibit immune response, promote the formation of immunosuppressive cells, and help tumors evade host immune killing (14). It has been found that in acute lymphoblastic leukemia, proliferating T and B cells exhibit abnormal metabolic stress (15, 16). Similarly, mounting evidence has confirmed that reprogramming the tumor immune microenvironment is a necessary process that drives LUAD metastasis (17). This suggests that the metabolic disorder of cancer cells may be treated by targeting some genes (18).

In this study, we identified 346 immune-related genes. Among these, 141 genes were found to be dysregulated between normal and tumor tissues. Three clusters of LUAD samples were based on immune-related metabolic genes and different clusters exhibited distinct survival and immune status. Moreover, we constructed and validated a prediction model and identified RRM2 as a potential metabolic target which was positively correlated with the cyclin-dependent kinase (CDK) family of genes.



Materials and Methods


Data Preprocessing

The mRNA sequencing and clinical data of 535 LUAD samples and 59 normal samples were downloaded from the TCGA data portal. The metabolism-related genes were downloaded from published work (19). The immune-related genes were downloaded from an online website (https://www.immport.org/). Low expressed genes were excluded from the study and the data was normalized to log2 (tpm+1) (average expression after normalization <0.5). Finally, 346 immune-related metabolic genes were selected by cor test using the Pearson correlation method (P<0.05, |R|>0.2).



GO and KEGG Enrichment Analysis and PPI Network Construction of Immune-Related Metabolic Genes

We divided 346 differentially expressed genes (DEGs) into up-regulated and down-regulated genes. R was used to perform GO and KEGG enrichment analysis. The “clusterProfiler”, “richplot”, and “ggplot2” packages were used for analysis (20, 21). The GO analysis was performed to annotate genes and classify up-regulated and down-regulated DEGs. The GO terms consisted of 3 parts: Biological Process (BP), Cellular Component (CC), and Molecular Function (MF). The KEGG database included the systematic analysis, annotation, and visualization of gene functions (22). STRING online website was used to construct a protein-protein interaction (PPI) network for the selected DEGs (23). For PPI analysis, the confidence score was set to > 0.9, and only terms with both p- and q-value of <0.05 were considered significantly enriched. Cytoscape software further analyzed the most closely connected modules and identified the top 10 central genes (24).



Identification of Dysregulated Genes Between Tumor and Normal Tissues

The “limma” package (25) in R was used to identify DEGs between Cancer and adjacent tissue samples. Merely genes with | log2fold change | > 1 and P < 0.05 were considered as DEGs. The “pheatmap” package was used to draw heat maps, and “ggplot2” was used to draw volcano maps.



Consistent Clustering of Immune-Related Metabolic Genes

The immune-related metabolic genes were divided into different clusters by the cell consistency clustering method. We used the “ConsensusClusterPlus” package (100 iterations and 80% resampling rate, http://www.bioconductor.org/) to classify patients with LUAD into different subtypes. The heat map and dela diagram established the optimal number of clusters. The cumulative distribution function (CDF) was plotted to identify the number of best clusters. The Progress Free Survival (PFS) between various clusters was compared. The survival analysis was analyzed by the R package “survival”, and the “ggplot2” package was used for plotting.



Immune Characteristics Between Clusters-Expression of Immune-Related Molecules

The expression of immune-related molecules among these clusters with the ESTIMATE algorithm was analyzed by the R “ESTIMATE” package. These immune-related genes regulate four immune functions these included, antigen presentation, chemokine-related genes, cytokines, and immune checkpoints. “ggplot2” package was used to draw box plots.



Immune Characteristics Between Clusters-Expression of Infiltrating Immune Cells and Clinicopathological Characteristics

Four methods were used to assess the infiltration of immune cells in three clusters. These methods were single-sample gene set enrichment analysis (ssGSEA), Microenvironment Cell Populations (MCP)-counter, CIBERSORT, and Xcell (26–29). The three different immune cell infiltrating clusters were also compared and found their immune scores. We compared the pathological classification proportions between different clusters to further distinguish the differences between different clusters, including T, N, M, clinical drug treatment response, and the pathological stage.



Validation of Prognostic Prediction Based on Immune-Related Metabolic Genes Models

The expression matrix of LUAD was randomly divided into training and test sets. The training set was 70% and the test set was 30%. We used single-factor analysis on the two groups of genes. The genes with p<0.05 were selected. The Least Absolute Shrinkage and Selection Operator (LASSO) cox regression method was further optimized through multi-factor COX regression analysis to help us to determine the best number of genes to build a model (30, 31). Moreover, we collected 80 lung cancer samples along with complete survival information and constructed a prognostic model as a control. Finally, the gene’s risk score was screened to get a good predictive ability on the patient’s survival. The area under the ROC curve (AUC) was used to judge the prognostic model’s predictive power. The ten-fold cross-validation based on the “glmnet” package in R was used for lasso penalty Cox regression analysis. The survival analysis was analyzed by R package “survival”, while AUC was analyzed by R package “survivalROC”.



Identification of Potential Metabolic Checkpoints

First we selected the immune metabolism genes that were highly expressed in the tumor site (logFC>1.5, FDR<0.05), and the immune metabolism genes in the training set that were negatively related to survival (p ≤ 0.01). Through pan-cancer analysis (https://cistrome.shinyapps.io/timer/) and the expression level analysis of collected clinical samples, we screened out genes with higher expression abundance in tumors. The signaling pathway was determined with criterion (spearman r>2 or<-2, q value< 0.05) using online website cBioPortal (https://www.cbioportal.org/). The selected genes were used to perform GO and KEGG enrichment analyses.



Cell Culture

The different cell lines used in this study were, Human normal lung epithelial cell line (BEAS-2B) A549, NCI-H292, and Calu-3. BEAS-2B cells were purchased from Procell Life Science and Technology Co., Ltd. (Wuhan, China). A549, NCI-H292, and Calu-3 were purchased from the cell bank of the Chinese Academy of Sciences (Shanghai, China). The BEAS-2B cell line was cultured in Dulbecco’s Modified Eagle’s medium (DMEM; Gibco, Grand Island, NY, USA). The A549 cell line was cultured in Ham’s F-12K medium (Gibco) The NCI-H292 cell line was cultured in Roswell Park Memorial Institute-1640 medium (RPMI-1640; Gibco), and the Calu-3 cell line was maintained in modified eagle medium (MEM; Gibco). All media were supplemented with 10% fetal bovine serum (FBS; Gibco) and antibiotics (100 units/ml penicillin and 100 ug/ml streptomycin; Gibco). All cells were incubated in a humidified atmosphere of 5% CO2 at 37°C.



Quantitative Real‐Time PCR

Total RNA was isolated from tissues and cells using TrIzol reagent (Gibco) according to the manufacturer’s instructions. The extracted RNA was reverse transcribed into complementary DNA using a reverse transcription kit (Takara, Dalian, China). Quantitative real-time PCR (qRT-PCR) was performed using the SYBR-Green PCR kit (Roche Diagnostics, Indianapolis, IN) on a Step One Plus Real-Time PCR system (Applied Biosystems, Foster City, CA). Glyceraldehyde 3-phosphate dehydrogenase (GAPDH) was used as an internal control. The results were analyzed using the 2-ΔΔCt method. Primers were synthesized by Sangon Biotech (Shanghai, China). All the primer sequences were listed (Supplementary Table 1).




Results


Identification and Function Enrichment Analysis of Immune-Related Metabolic Genes

To identify the immune-related metabolic genes, we obtained 1041 immune genes and 1613 metabolic genes. The general research design and flow of the study was shown (Figure 1). The correlation analysis identified 346 immune-related metabolic genes (Figure S1). The GO analysis consisted of three parts: BP, CC, and MF. Our results indicated that the immune-related metabolic genes were significantly enriched in the BP-associated organic acid biosynthetic process, carboxylic acid biosynthetic process, and monocarboxylic acid biosynthetic process. For the CC, the immune-related metabolic genes were mainly enriched in the Golgi, lysosomal, and vacuolar lumens. Furthermore, the MF analysis showed that the immune-related metabolic genes were significantly enriched in cofactor binding, oxidoreductase activity, acting on the CH−OH group of donors, and carboxylic acid-binding. The immune-related metabolic genes were found to be involved in Arachidonic acid metabolism, PPAR signaling pathway, and Biosynthesis of amino acids (Figures 2A, B). PPI network was established to further dissect the potential mechanism of these genes (Figure 2C). Top10 core genes were identified by Cytoscape plug-in cytoHubba: these genes included, SDC2, GPC3, GPC1, HSPG2, AGRN, GPC2, GPC5, GPC4, GPC6, and VCAN (Figure 2C).




Figure 1 | The general research design and flow of the study.






Figure 2 | The GO and KEGG pathway analysis for immune-related metabolic genes. (A, B) The GO enrichment and KEGG pathway analyses of immune-related metabolic genes; (C) The top 10 genes were ordered by the number of nodes. BP, biological process; CC, cellular component; MF, molecular function; KEGG, Kyoto Encyclopedia of Genes and Genomes.



The heat map clearly distinguished the immune related metabolic genes in tumor and normal tissues (Figure S2A). A total of 141 DEGs were identified (|log2fold change |> 1, P < 0.05). Among these, 72 genes were up-regulated and 69 genes were down-regulated (Figure S2B). Then, we performed GO and KEGG enrichment analysis on 141 differential genes (Figures S2C–F). It was observed that DEGs were mainly involved in the fatty acid metabolic process; organic hydroxy compound metabolic process and small molecular metabolic process.



Consistent Clustering of Immune-Related Metabolic Genes

Consistent clustering of immune-related genes was performed to unwind metabolic patterns of tumor cells. Tumor samples were divided into different clusters according to the expression patterns of immune-related gens. To determine the optimal cluster number, the cumulative distribution function (CDF) was plotted and three different clusters were identified. Moreover, heat maps were drawn to compare the expression of immune-related metabolic genes among the various clusters (Figures 3A–C). Furthermore, the survival status of the three clusters was evaluated by comparing progression-free survival (PFS) and clinicopathological parameters. Our results showed that cluster 2 have prolonged survival in early times (Figure 3D). Consistent with these findings, patients in the cluster 2 have lower T, N, M, and stage as well as the status of lymph node metastasis (Figures S3A–D). Similarly, a comparatively more proportion of patients had a complete response to treatments in this cluster (Figure S3E).




Figure 3 | Consistent clustering of immune-related metabolic genes. (A, B) Cumulative distribution function (CDF) represented an optimal number of clusters (k is 3); (C) Heat map represented immune-related metabolic genes in three clusters; (D) Survival analysis between different clusters was shown.





Immune Characteristics of the Three Different Clusters

Furthermore, we were interested to determine immune-related genes in these clusters. We determined those immune-related genes that were involved in antigen‐presentation (B2M, HLA-A, HLA-B, HLA-C, HLA-DPA1, HLA-DQA1, TAP1, TAP2), chemokine-related genes (CCL4, CCL5, CXCL10, CXCL13, CXCL9), immune checkpoint genes (CD226, CD274, CD276, CD40, CTLA4, HAVCR2, LAG3, PDCD1) and genes responsible for the production of cytokines (GZMB, GZMH, IFNG, IL2, PRF1, TNF) expressions. We used a box plot for comparison and found that HLA-DPA1, HLA-DQA1, HLA-B, CXCL13 and CD226 had a high expression within C2 cluster (Figures 4A–D).




Figure 4 | Box plot of immune-related gene expressed among different clusters. (A–D) The expression levels of multiple immune genes were compared in three clusters. *, P < 0.05. **, P < 0.01. ***, P < 0.001. ****, P < 0.0001.



Moreover, we determined infiltration levels of immune cells in these clusters. We used four reported methods (CIBERSORT, MCP-counter, ssGSEA, and Xcell) for this purpose. Two aspects were explored for these clusters i.e. immune effector cells (Figures 5A–D) and immunosuppressive cells (Figures 5E–G). Our analysis delineated that Cluster 1 had the least infiltration of immune effector cells and immunosuppressive cells (Figures 5A–G). This suggests that cluster1 might be the immunologically-cold tumors. Cluster 2 and cluster 3 were found to be enriched in the immunologically-hot tumor immune microenvironment. Both of these clusters were enriched in both immune effector and immunosuppressive cells. Activated B cells, dendritic cells (DC), and monocytes were significantly enriched in cluster 2 (Figures 5A–G). We compared the three different clusters and reached their immune score. The results showed that cluster 2 had higher immune and stromal scores (Figure 5H).




Figure 5 | Expression levels of immune infiltration cells. (A–D) Expression levels of immune effector cells between different clusters were shown; (E–G) Immunosuppressive cells in different clusters were shown; (H) Immune and stromal scores in different clusters were shown.





Construction of Prognostic Prediction Models of Immune-Related Metabolic Genes

Next, we were interested in whether these immune-related metabolic genes could be used to predict survival. The LUAD matrix was divided into training (70%) and test (30%) sets. We selected 80 genes having p<0.05 and performed Unicox analysis to compute the regression coefficient (Figures 6A, B). Moreover, multivariate regression was performed to calculate the formula. We identified nine genes that were used to construct a prediction model. These nine genes were, TK1, TCN1, CAV1, ACMSD, HS3ST2, HS3ST5, AMN, ADRA2C, and ACOXL (Figure 6C). Patients were categorized into high and low-risk groups in training and test sets. A survival curve was plotted according to the clinical information of two groups of patients (Figures 6D–F). The results showed that training and test sets with high-risk score patients had a worse Overall Survival (OS) rate than those of low score patients (p <0.0001) (Figures 6D–F). The area under the ROC curves of the predictive model for LUAD has the same performance in the first year, third year, and fifth-year (Training set: AUC at one year: 0.83, AUC at three years: 0.72, AUC at five years: 0.71; Test set: AUC at one year: 0.68, AUC at three years: 0.76, AUC at five years: 0.61) (Figures 6E–G). Moreover, the prediction model was validated using our clinical specimens. The validation results confirmed that the high-risk score group had a worse survival (p <0.0001) (Figures 6H, I). Meanwhile, our prediction model had high accuracy (AUC at one year: 0.74, AUC at three years: 0.83, AUC at four years: 0.78).




Figure 6 | LASSO and hub genes of prognostic model. (A, B) Optimal values of the penalty parameter λ; (C) Multivariate regression analysis of nine genes we shown; (D, F, H) OS in the low score group was significantly higher than in the high score group; (E, G, I) Time-dependent ROC curves analysis of the prediction model.





Identification of Potential Metabolic Targets

As the highly expressed genes in the tumor could be a potential factor to promote tumor growth, therefore, we selected those immune-related metabolic genes whose expression was high in the tumor site (logFC > 1.5, FDR < 0.05). Five potential targets i.e., HMMR, PFKP, RRM2, TCN1, and TK1 were obtained that were negatively correlated with survival rate (Figure S4). The expression of five hub genes in pan-carcinoma was shown (Figure S5). The correlation of the four genes HMMR, PFKP, TCN1, and TK1 with tumor-infiltrating immune cells and the survival curve in lung cancer was shown (Figure S6). Furthermore, we determined the expression levels of five hub genes in our clinical specimens. We found that the expression of RRM2 was higher in tumor tissues (Figures 7A–E). Similarly, the expression level of RRM2 was significantly higher in lung cancer cell lines (A549, NCL-H292, and Calu-3) compared to normal lung epithelial cell line (BEAS-2B) (Figure 7F). The survival curves of RRM2 and immune cell infiltration in lung cancer patients were determined. The overall survival of lung cancer patients showed that low RRM2 expression had a better prognosis (p=0.000015) (Figure 7G), and disease-free survival also suggested that patients with low RRM2 expression had a better prognosis (p=0.019) (Figure 7H). The relationship with immune cells showed that RRM2 was associated with tumor infiltration by B cells and Neutrophils (Figure 7I).




Figure 7 | RRM2 was related to survival time and CDK family. (A–E) Expression levels of HMMR, PFKP, TCN1, TK1, and RRM2 in non-cancerous tissues (n = 30)and LUAD tissues (n=50) were detected by qRT-PCR. GAPDH was used as an internal control; (F) RRM2 expression levels in different cell lines were determined by qRT-PCR. GAPDH was used as an internal control; (G, H) Kaplan–Meier analysis was performed to assess the association of RRM2 expression with overall survival and disease-free survival in LUAD patients using the TCGA databases; (I) Correlation of RRM2 with immune cell infiltration in lung cancer; (J–N) Association of RRM2 with the CDK2 family of proteins.  *, P < 0.05. **, P < 0.01. ***, P < 0.001. ****, P < 0.0001. ns : Not Statistically Significant.



To determine the function of RRM2, GO and KEGG analyses were performed to find correlated genes with RRM2 (Figure S7). The RRM2-related genes were mainly enriched in catalytic activities, acting on DNA as determined by GO analysis. While KEGG pathway enrichment analysis showed that RRM2-related genes were mainly enriched in cell cycle regulation. Moreover, the correlation between the RRM2 gene and the CDK family of genes was analyzed. This result showed that the RRM2 gene was highly related to the CDK family of proteins (Figure 7J). We also found the same results in tumor samples analyzed by qPCR, showing that this gene was associated with CDK family of proteins. Our results delineated that the expression levels of RRM2, CDK2 (r=0.492, p<0.001), CDK4 (r=0.365, p<0.01), CDK6 (r=0.406, p<0.01) and CDK8 (r=0.440, p<0.01) were positively correlated, which means that RRM2 was significantly correlated with cell cycle signaling (Figures 7K–N).




Discussion

Our study identified five potential metabolic checkpoints of LUAD and RRM2 was chosen for further analyses. The expression of RRM2 was significantly higher in both lung cancer tissues and cell lines. In the current study, we disseminated the possible pathways regulated by RRM2 in lung cancer. We further showed that the cell cycle could be regulated by RRM2.

Tumor microenvironment infiltration is closely related to immunotherapy effectiveness. The critical role of immune-related metabolic genes and immune cells in cancer is gradually being unveiled. Therefore, we were interested to find immune-related genes that play a role in immune infiltration and could produce a better immunotherapy effect. In our study, the immune-related genes were obtained from the website, https://www.immport.org/. The metabolism-related genes were downloaded from work published by Peng, X. We performed different analyses and identified ten immune-related metabolic genes. These genes were, SDC2, GPC3, GPC1, HSPG2, AGRN, GPC2, GPC5, GPC4, GPC6, and VCAN. These genes play important roles in the immune-related mechanisms of several cancers (colorectal (32), cervical (33), liver (34), pancreatic cancer (35), etc). Immune infiltration of tumor microenvironment in glioblastoma multiforme, breast cancer, and lung cancer play a vital role in immunotherapy and the increase in the degree of immune infiltration is related to better immunotherapy effect (36–39).

To explore the specific mechanisms of these immune-related metabolic genes, the samples were divided into three clusters. The levels of immune cell infiltration, immune scores, and clinicopathological information were compared. We found that among all clusters, cluster2 had prolonged survival at the early stages of the disease. HLA-DPA1, CXCL13, activated B cells, DC, and monocytes infiltration were highly expressed in cluster 2. HLA-DPA1 is involved in immune responses and antigenic peptides presentation (40). Previous studies demonstrated that down-regulation of HLA-DPA1 expression is related to the poor prognosis of tumors and may be a potential prognostic biomarker for ESCC (41–43). Therefore, higher expression of HLA-DPA1 in cluster 2 could well represent the prolonged survival of LUAD patients. The CXCL13/CXCR5 signal axis plays a vital role in the occurrence and development of several human cancers (44). The prognosis was found better in cluster 2 compared to cluster1 and cluster3. The pathways related to B cells play important role in tumor immunotherapy (45, 46). Similarly, monocytes also play an important role in antigen presentation in the microenvironment of tumor immune infiltration (47, 48).

Furthermore, nine genes TK1, TCN1, CAV1, ACMSD, HS3ST2, HS3ST5, AMN, ADRA2C, and ACOXL were identified for the construction of prediction model. Our findings are parallel with previous findings. TK1, TCN1, CAV1, and HS3ST2 play indispensable roles in survival predictions and pathogenesis of various cancers (49–55).

Finally, we obtained five potential metabolic checkpoints of LUAD. These were, HMMR, PFKP, RRM2, TCN1 and TK1. By comparing their expression levels and their association with immune cells in pan-cancer and lung cancer clinical samples, we identified a critical role for RRM2 in LUAD. RRM2 is a rate-limiting enzyme which is involved in DNA synthesis and repair. It also plays a vital role in many critical cellular processes, such as cell proliferation, invasiveness, migration, angiogenesis, and aging (56). In breast cancer, RRM2 overexpression in cancer cells promotes the formation and invasion of 3D colonies (57). In liver cancer (58), RRM2 can inhibit hypertrophy by stimulating GSS to synthesize GSH. In LUAD, RRM2 has been determined to have an independent prognostic significance. RRM2 expression levels have significant correlations with B cells, CD4+ T cells, and neutrophil infiltration (59). We also determined that RRM2 was highly related to the CDK family of proteins. As Cyclin-dependent kinases 4 and 6 (CDK4/6) are important regulators of cell cycle and inhibit the proliferation of regulatory T cells (60). Therefore, RRM2 could also be involved in cell cycle regulation. Our findings further confirmed the relationship of RRM2 with immunity and metabolism in LUAD. Moreover, our study provided a base and theoretical support for exploring the immunotherapy of LUAD.



Conclusions

In this study, we first identified the vital role of immune-related metabolic genes in lung adenocarcinoma’s immune and clinicopathological aspects. We clustered three subtypes of LUAD based on immune-related metabolic genes and these subtypes exhibited different survival and immune status. We identified nine genes i.e., TK1、TCN1、CAV1、ACMSD、HS3ST2、HS3ST5、AMN、ADRA2C, and ACOXL that were used to construct a prediction model. Finally, RRM2 was determined as a promising metabolism checkpoint for LUAD and explored its close relationship with the CDK family of proteins. Our results are therefore, helpful for the study of immunotherapy and immune-related metabolic genes in LUAD.
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Background

DNA damage repair plays an important role in the onset and progression of cancers and its resistance to treatment therapy. This study aims to assess the prognostic potential of DNA damage repair markers in skin cutaneous melanoma (SKCM).



Method

In this study, we have analyzed the gene expression profiles being downloaded from TCGA, GTEx, and GEO databases. We sequentially used univariate and LASSO Cox regression analyses to screen DNA repair genes associated with prognosis. Then, we have conducted a multivariate regression analysis to construct the prognostic profile of DNA repair-related genes (DRRGs). The risk coefficient is used to calculate the risk scores and divide the patients into two cohorts. Additionally, we validated our prognosis model on an external cohort as well as evaluated the link between immune response and the DRRGs prognostic profiles. The risk signature is compared to immune cell infiltration, chemotherapy, and immune checkpoint inhibitors (ICIs) treatment.



Results

An analysis using LASSO-Cox stepwise regression established a prognostic signature consisting of twelve DRRGs with strong predictive ability. Disease-specific survival (DSS) is found to be lower among high-risk patients group as compared to low-risk patients. The signature may be employed as an independent prognostic predictor after controlling for clinicopathological factors, as demonstrated by validation on one external GSE65904 cohort. A strong correlation is also found between the risk score and the immune microenvironment, along with the infiltrating immune cells, and ICIs key molecules. The gene enrichment analysis results indicate a wide range of biological activities and pathways to be exhibited by high-risk groups. Furthermore, Cisplatin exhibited a considerable response sensitivity in low-risk groups as opposed to the high-risk incidents, while docetaxel exhibited a
considerable response sensitivity in high-risk groups.



Conclusions

Our findings provide a thorough investigation of DRRGs to develop an DSS-related prognostic indicator which may be useful in forecasting SKCM progression and enabling more enhanced clinical benefits from immunotherapy.
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Introduction

Skin cutaneous melanoma (SKCM) is identified as one of the most frequent, belligerent, and life-threatening primary malignant skin cancer usually associated with distant metastasis as well as high mortality (1). In recent years, the most common treatment modalities for SKCM are surgery, chemotherapy, and immunotherapy. Despite, great success in SKCM treatment, a 5-year overall survival (OS) rate among metastatic melanoma patients remains extremely poor which is mainly attributed to late diagnosis, rapid metastasis, and ineffective treatment response (2). Depending on the clinical characteristics of the patient, risk stratification and subsequently individualized treatment therapy based on the degree of risk may help in improved prognosis (3). Nonetheless, the existing tumor staging system is inadequate to effectively forecast the prognosis of SKCM and hence there is an unmet need to find new biomarkers which can predict the prognosis of patients with SKCM.

In recent years, the progress in the field of genomics and bioinformatics has made it possible to discover new biomarkers and drug targets. Researchers have identified many biomarkers for diagnosis, prognosis, and treatment, including noncoding RNAs (lncRNA), microRNAs (miRNAs), and messenger RNAs (mRNAs). Some immune-related markers, for example, are being utilized to assess tumor microenvironment (TME) infiltration patterns and reveal any relationship between TME and clinical properties (4). Furthermore, there are reports where prognosis has been predicted using signatures such as hypoxia, autophagy, m5C or m6A mRNA modification, and lactate metabolism (5, 6).

Researchers have thoroughly examined DNA damage repair (DDR) in the context of tumors and neoplasia where they found defective DDR can induce an accumulation of DNA damage as well as genome instability that lead to tumor occurrence. Exonuclease 5 gene germline mutations have been reported to impair DNA repair resulting in androgen-associated prostate cancer (7). Nonetheless, DNA repair may be associated with vulnerability towards anticancer treatments such as radiation therapy or poly ADP-ribose polymerase (PARP) suppressors during tumor development. In response to ionizing radiation, MAP kinase-ERK kinase 5 (MEK5) has been reported to stimulate the phosphorylation of DNA-PK (8). In breast cancer, a higher threonine tyrosine kinase (TTK) expression is linked with effective homologous recombination-mediated repair and radiation sensitivity (9). All these earlier studies have emphasized on the significance to study various functions of DNA repair genes in cancer.

In previously published reports, SKCM is considered as a belligerent tumor exhibiting significant heterogeneity and high genomic mutations which suggests that subgrouping tumors based on gene expression patterns will be ultimately key to accurately assessing melanoma progression (10, 11). As a result of such subgroupings, more targeted therapy may be devised. There have been many reports on the prognostic and biological importance of genetic changes linked to cancer such as PARP1 (12, 13), NRAS (14), absent in melanoma-1 (AIM1) (15), Methylguanine-DNA Methyltransferase (MGMT) (16) as well as KPNA2 (17) mutations in SKCM. Nevertheless, the functions of DNA repair genes for the maintenance of genomic stability among SKCM are seldom described.

In this research, we have gathered as well as evaluated data retrieved from multiple databases like TCGA (The Cancer Genome Atlas), GTEx (The Genotype-Tissue Expression), and GEO (The Gene Expression Omnibus) to ascertain the DNA repair gene’s potential for prognosis of SKCM patients. Hereby, we have constructed a forecasting model premised on the DRRGs (DNA repair-related genes) expression and assessed distinct tumor immune infiltrating landscapes linked to the gene profiles.



Materials and methods


Datasets

For this study, we have retrieved the survival information along with gene expression datasets from the combined TCGA-SKCM dataset (https://portal.gdc.cancer.gov/) which includes around 446 tumor samples for training purposes (Supplementary Table 1). SKCM patient’s expression profiles with survival data are retrieved from the GEO database (http://www.ncbi.nlm.nih.gov/geo) with accession number GSE65904 for validation purposes (n = 210, Supplementary Table 2).This study also included 557 non-tumor normal samples from the GTEx dataset (https://gtexportal.org/). DDR gene data (Hallmark DNA Repair Data Set) was downloaded from MSigDB database.(http://www.gsea-msigdb.org/gsea/index.jsp). There is no need for permissions from the ethics committee as the data were obtained from TCGA, GTEx, and GEO datasets, and have been reported in this work by carefully adopting the publication criteria established by these individual databases.



Identification of DDR-related genes and development of a prognostic signature in SKCM

We have retrieved prospective DNA repair genes from the TCGA dataset which are substantially linked to the prognosis of SKCM patients using the univariate Cox regression analysis. Following that, we used LASSO (Least absolute shrinkage and selection operator) regression analysis to identify the best prognostic genes while avoiding model overfitting. As a final step, we developed a risk score algorithm using the gene expression levels weighted by regression coefficients from multivariate Cox regression analyses. Each patient’s risk score is computed by using the below-mentioned algorithm:

	

where Coefi denotes risk coefficients, xi stands for the expression value of DRRGs (18).



Assessment and validation of the prognostic signature

The risk score of each patient is sorted (computed as per the aforementioned algorithm) while setting the median risk score as the critical value and based on this, the training and validation cohorts are divided into high- and low-risk cohorts. To distinguish the survival times of the two patient cohorts, the Kaplan-Meier (KM) curve was used. In addition, receiver operating characteristic (ROC) curves are used to evaluate the predictive effect of the signature, where a prediction with an area under the curve (AUC) of greater than 0.60 is considered to have medium accuracy, whereas a prediction with an AUC of greater than 0.75 is considered to have high accuracy. Multivariate and univariate Cox regression analyses were undertaken to investigate if the risk score is independent of other clinical parameters such as age, gender, stage, tumor mutation burden (TMB), tumor purity, cytolytic activity score (CYT), and riskScore. Subsequently, subcohort analysis of a single gene in the DDR-related prognosis model is carried out premised on the clinical features of the patients. Additionally, using TCGA data, we examined the connection between risk scores and clinicopathological characteristics of patients with SKCM. After incorporating the recorded risk scores into the present staging method, we evaluated its usefulness in stratifying risk levels. Premised on the clinical data and risk scores of patients, the “rms” package was utilized to create a nomogram for clinical assessment. We then plotted a calibration to examine the consistency among the forecasted and the actual clinical results and computed the concordance index (C-index) for the nomogram model. The nomogram model’s reliability and the prognostic value of DRRG were verified utilizing an independent dataset (GSE65904).



Gene set enrichment analysis and single sample GSEA

According to the DRRGs prognostic signature, the functional phenotype between the high- and low-risk cohorts was evaluated by gene set enrichment analysis (GSEA) software. GO gene sets (go.bp.v7.4.symbols.gmt) obtained from the Molecular Signatures Database were employed as the baseline gene set (19). The critical values used in the study included the Nominal p-value < 0.05, FDR < 0.25, and |NES| (Normalized Enrichment Score) > 1. The variation in the expression of immune-associated activities and immune cell infiltration among the patient cohorts was assessed utilizing a single sample gene-set enrichment analysis (ssGSEA).



Tumor-infiltrating immune cells (TIIC) fraction assessment

We tried to evaluate the immunological infiltration degree of about 22 immune cell types into mixed cell populations based on specific gene expression characteristics among 22 leukocyte subtypes LM22 by using the ‘‘CIBERSORT’’ method as described previously (20). The “pheatmap” program has been utilized to visualize the distribution of immune cells in the two cohorts and then the Wilcoxon rank test was applied to contrast the differences among quantities of immunological infiltrates for the low-and high-risk cohorts while p-values are determined by “vioplot” R package.



Estimation of the immunoreactivity

We have used the Wilcoxon test to evaluate the expression of PD-1, CTLA4, PD-L1, and TGFB1 among low-as well as high-risk cohorts as key hub immune response biomarkers. In order to predict response to immune checkpoint blockade (ICB) in the TCGA-SKCM dataset, we utilize the immunophenoscore (IPS) retrieved from The Cancer Immunome Atlas (TCIA) (https://tcia.at/home). Anti-CTLA-4 and anti-PD-1 antibody responses are reliably predicted by IPS. Positive correlations between IPS and ICB responses are generally seen; higher scores are associated with greater immunoreactivity (21).



Statistical analyses

The Student’s t-test is being used to compare the differences between the two cohorts. The log-rank method is applied to compare the survival curves for disease-specific survival (DSS) rates from the KM survival analysis. The statistical analysis is carried out using GraphPad Prism (version 8.0) and R software (version 4.0.4). The p-values (<0.05) are considered statistically significant.




Results


Identification of prognosis-related DRRGs and construction of a prognostic signature

Figure 1 depicts the workflow design used in this research. We performed GSEA of SKCM and normal tissue samples. The findings demonstrated that SKCM is substantially associated with positive modulation of the DDR response (NES = 1.72, p < 0.01) (Figure 2A). And we have found from the TCGA-SKCM training dataset, that the univariate analysis is clearly illustrating the expression of 30 DRRGs being considerably linked to the prognosis of SKCM patients (p < 0.05), and among them, 14 were protective genes (hazard ratio <1), and 16 genes were associated with increased risk (hazard ratio >1) (Figure 2B). Subsequently, in order to generate a prognostic signature, the LASSO approach was used to reduce the number of candidate genes based on the minimal penalty parameter (λ) (Figures 2C, D). In combination with Multivariate Cox regression analyses, a total of 12 DRRGs (TYMS, SNAPC5, CMPK2, PDE4B, HCLS1, NME1, POLR2A, COX17, LIG1, POLE4, GTF2H1, and AK1) were identified as predictive indicators for patients with SKCM (Supplementary Table 3). The DRRGs signature risk model was formulated as: Risk score = (0.053 * TYMS exp.) + (−0.006 * SNAPC5 exp.) + (−0.108 * CMPK2 exp.) + (-0.114 * PDE4B exp.) + (-0.084 * HCLS1 exp.) + (0.076 * NME1 exp.) + (0.107* POLR2A exp.) + (-0.215 * COX17 exp.) + (0.063 * LIG1 exp.) + (0.090 * POLE4 exp.) + (-0.048 * GTF2H1 exp.) + (0.132 * AK1 exp.).




Figure 1 | The flow diagram of this study.






Figure 2 | Construction of DRRGs signature. (A) Significant enrichment of DNA repair-related pathways in SKCM patients. NES, normalized enrichment score; (B) The forest plot of the univariate Cox regression depicted 30 DRRGs associated with SKCM survival; (C) Lasso regression for DRRGs in univariate Cox regression; (D) Coefficients of selected features denotes the risk coefficient is shown by lambda parameter.





Prognostic analysis of the 12-gene marker in TCGA-SKCM cohort

We created a prognostic signature by generating a computed risk score premised on the expression of selected 12 important prognostic genes. The specimens are categorized into high- and low-risk cohorts based on the median risk score (Figure 3A). The distribution of risk scores, a summary of the survival are shown in figure (Figures 3B, C). In addition, a heatmap displaying the expression pattern of each gene was created to illustrate the disparity between the high- and low-risk groups predicted by the prognostic model (Figure 3E–F). The risk model exhibits specificity and sensitivity in-consistent with or rather much better than other conventional prognostic variables, as illustrated by the areas under the ROC curve for risk score, age, gender, stage, TMB, ESTIMATEScore, TumorPurity, and CYT classification, which were found to be 0.714, 0.619, 0.475, 0.562, 0.393, 0.384, 0.631, and 0.337 respectively (Figure 3D). We have further utilized the human protein atlas immunohistochemistry dataset (www.proteinatlas.org) to evaluate the expression of the DRRGs visually in cancerous and non-cancerous tissue, using this we examined the protein expression of the 2 main genes in SKCM. In tumor tissues, AK1 staining was lower, while TYMS staining was higher (Figures 3G–H). Interestingly, all of genes that had protein expression staining in the tumor stromal tissue might influence tumorigenesis and prognosis of SKCM through interstitial components.




Figure 3 | Construction of the DRRGs signature and prognostic analysis. (A) Risk score distribution among patients with SKCM; (B) Spearman correlation analysis of risk score and disease-specific survival (DSS); (C) Survival status of each patient with SKCM. Blue signifies low risk or alive while red signifies high risk or dead; (D) Heatmap of gene expression between the high and low-risk cohort; (E) Relative gene expression between the high and low-risk cohort; (F) AUC values for risk score, age, gender, stage, TMB, ESTIMATE score, tumor purity, and CYT classification; (G) Immunohistochemical staining images from The Human Protein Atlas of 2 key genes in SKCM.





Assessment and validation of the DRRGs prognostic signature

The survival analysis is performed to assess the signature profile where the KM curve has shown a dismal prognosis for high-risk patients (Figure 4A). The ROC curve effectively revealed the performance of DRRGs prognostic signature in predicting one-, three- and five- survival rates in the TCGA-SKCM dataset as illustrated by AUC values of 0.668, 0.660, and 0.700, correspondingly (Figure 4B). The t-SNE analysis and principal component analysis (PCA) revealed that the distribution mode of the two patient cohorts are differerent (Figures 4C, D). Moreover, the results from the GSE65904 dataset are verified with a similar risk coefficient and found to agree with the findings from the TCGA-SKCM dataset where the high-risk cohort appeared to have worse results than the low-risk cohort (Figure 4E). ROC curves have shown that the AUC for one-, three-, and five-year survival rates in the GSE65904 cohort are 0.570, 0.643, and 0.603, accordingly (Figure 4F). Similarly, the t-SNE analysis and PCA plot have illustrated that specimens from 2 risk cohorts are dispersed in 2 routes (Figures 4G, H).




Figure 4 | DRRGs signature based on training (TCGA-SKCM) and testing (GSE65904) cohorts. (A) KM plot of DSS premised on the risk scores; (B) ROC for DSS; (C)PCA plot; (D) t-SNE analysis in the training cohort (TCGA-SKCM); (E) KM plot of DSS premised on the risk scores; (F) ROC for DSS; (G) PCA plot; (H) t-SNE analysis in the test cohort (GSE65904).





Construction of the nomogram to predict the survival for SKCM patients

To ascertain whether the DRRGs signature could be used as an independent predictor variable in SKCM, we have added risk scores and several clinicopathologic characteristics based on the TCGA-SKCM cohort. The results showed the constructed model (riskScore) remained significant through both multivariate and univariate Cox regression analyses (p<0.001, Figures 5A, B). When the combination of TMB is used, the prediction performance of the risk score is better than if they are used separately. Furthermore, it is found that the low TMB+high-risk cohort possesses a greater survival risk in the hazard than the other cohort (KM analysis, Figure 5C). Nomograms are a way to compress statistical models into a single numerical estimation of probability, such as death or recurrence. They are so widely used for cancer prognosis because they are personalized to the profile of every patient. In our study, a prognostic nomogram integrating clinical characteristics (stage, age, TMB) and the DRRGs-based signature is developed, which can predict the survival likelihood of SKCM patients (Figure 5D). The calibration curve further established the hybrid nomogram’s high veracity and reliability (Figure 5E). Last but not least, we computed nomogram model scores and ROC analysis based on these scores. The outcomes showed that the model, after incorporating clinical data, appeared to increase AUC values for the TCGA dataset (one- year: 0.770, three-year: 0.754, five-year: 0.727) (Figure 5F).




Figure 5 | Construction of a nomogram based on the DRRGs signature. (A) The univariate Cox analysis illustrated that the age, stage, tumorpurity, CYT and riskScore were statistically distinct; (B) The multivariate cox analysis illustrated the age, stage and riskScore were 3 independent predictors of SKCM prognosis; (C) Survival curve for patients with distinct TMB and risks; (D) The nomogram integrated with the parameters (riskScore, stage, and age) amongst patients from the TCGA cohort; (E) Calibration curve of the nomogram at 1, 3, and 5 years; (F) AUC values for 1-, 3-, and 5- year survival rates premised on the nomogram.





Characterization of the relationship between risk score and tumor immune ,microenvironment characteristics

Researchers have found a link between tumor-infiltrating lymphocytes (TILs) and the growth of cancer, resistance to drugs, and how well treatment works. We also looked at the relationship between the immune-associated score, the risk score (which we got from the R package “ESTIMATE”), the immune cell types and abundance (which we got from the CIBERSORT approach), and the expression levels of ICB-associated genes to see what role the risk score might play in the tumor immune microenvironment (TIME) characterization of SKCM. The findings of this study illustrated that the low-risk cohort exhibited elevated ImmuneScore, StromalScore, and matching ESTIMATEScore as well as reduced TumorPurity than the high-risk cohort (Figures 6A–D). Additionally, we noticed a substantial correlation between the risk score and the variables ImmuneScore, StromalScore, and RNAss (Figures 6E–H). According to the GSEA, immune-associated biological processes such as CHEMOKINE_SIGNALING_PATHWAY, CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION, HEMATOPOIETIC_CELL LINEAGE, INTESTINAL_IMMUNE_NETWORK_FOR_IGA_PRODUCTION, and LEISHMANIA_INFECTON are significantly enriched in the low-risk cohort (Figures 6I–L). These findings suggest that in the low-risk cohort, activating immunomodulatory processes may contribute to an improved prognosis. Also, we created a box plot to exhibit the exact proportions of 22 immune cells based on the CIBERSORT algorithm among all SKCM samples (Figure 6O). The correlation analysis of the extent of the 22 immune cells is also shown in Figure 6N. The outcomes from the Wilcoxon rank test reveal that the high-risk cohort exhibit reduced infiltration levels of macrophage M1 cells, follicular helper-T cells, CD8+ T-cells, CD4+ memory-activated T-cells, memory B-cells, and plasma cells as compared to the low-risk cohort (Figure 6O). This study also demonstrated a substantial relevance between risk scores and the expression of several immunological checkpoint-related genes where expression of all immunological checkpoint-related genes was elevated in the low-risk cohort as compared to the high-risk cohort (Figure 6P). Further, the box plots demonstrate variations for immune cell infiltration and related functions among distinct risk sub-cohorts (Figure 6Q). We hereby evaluated that the low-risk cohort possesses better cytotoxicity as well as more checkpoint signatures like HLA, CD8+T cells, NK cells, neutrophils, etc. Overall, these outcomes indicate that the DRRGs-based risk characteristics may be to some extent promote a new understanding of the TIME characteristics and immune response of SKCM patients.




Figure 6 | GSEA of SKCM patients premised on the DRRGs prognostic signature. (A–D) The expression differences of immune score, stromal score, ESTIMATE score, and tumor purity in high- vs. low-risk cohort; (E–H) Spearman correlation analysis of risk score with immune score, stromal score, RNAss, and DNAss; (I–L) GSEA outcomes illustrated substantial enrichment of immune-associated biological mechanism in the low-risk patients; (M) A Barplot of the 22 immune fractions designated by dissimilar colors in each SKCM sample; (N) Correlation heatmap of the ratio of TIICs; (O) Wilcoxon test of 22 immune fractions in high- vs. low-risk cohort; (P) Link between risk score and immune cell infiltration and related roles through the ssGSEA analysis. The score denotes the immune score, with elevated scores signifying a deeper extent of immune cell infiltration; (Q) ICB molecules expressed differently between high- and low-risk groups; (ns, not significant, *P < 0.05, **P < 0.01, and ***P < 0.001).





The DDR-related risk signature and mutation profiles

The relationship between the mutation profile and the signature was evaluated in TCGA-SKCM patients with available somatic mutation data. The top ten mutated genes in SKCM patients were: TTN, MUC16, DNAH5, BRAF, PCLO, LRP1B, ADGRV1, ANK3, CSMD1, and CSMD2. The most frequently mutated genes in the low-risk and high-risk groups are presented in Figures 7A, B. Surprisingly, TMB and the result was statistically significant (p = 0.032; Figures 7C, D). In addition, we proposed to investigate the function of gene mutation in risk scores and examined the fraction of mutation genes in both low- and high-risk groups in accordance with the results of somatic mutation data. While TTN mutation was similar in the two different risk groups, we found that MUC16 and DNAH5 mutations were substantially connected with a risk score (Figures 7E–J). The fact that there is a correlation between the amount of TMB and the risk score in SKCM, when taken together, suggests that TMB may play an important part in predicting the outcomes of patients.




Figure 7 | The mutation profile and TMB among low-risk and high-risk groups. (A, B) Mutation profile of low-risk and high-risk groups. (C, D) The relationship between the immune-related risk signature and TMB. (E–G) The proportion of mutation of TTN, MUC16 and DNAH5 in both low-/high-risk groups form the TCGA-SKCM dataset. (H–J) Comparison of the risk score between mutation and wild groups.(ns, not significant, *P < 0.05, **P < 0.01, and ***P < 0.001).





Response of high- and low-risk patients to immunotherapy, targeted therapy, and chemotherapy

We attempted to examine the effects of DRRGs-based signature on TIME of SKCM for which around 4 hub immune checkpoint inhibitors (ICIs)-associated genes (i.e. PDCD1, CD274, CTLA-4, TGFB1) are singled out for additional research. Here an assessment of the connections between risk score and immunological checkpoint gene expression could yield novel therapeutic concepts. The expression patterns of inhibitory receptors (PDCD1, CD274, CTLA4, and TGFB1) are considerably elevated in the low-risk cohort in comparison to the high-risk cohort (Figures 8A–H). It is found that there may be a connection between TIIC alterations and the survival time of SKCM patients based on differences between the two cohorts. IPS is a reliable predictor of anti-CTLA-4 and anti-PD-1 antibody responses. Immunophenoscore (IPS) accurately predicts anti-CTLA-4 and anti-PD-1 antibody responses. IPS are typically connected positively with the ICB response. We studied the association between IPS and our DRRGs risk model in TCGA-SKCM, and the results indicate that there was no significant variation in immunophenoscore between risk groups in IPS_CTLA4_neg_PD1_neg (Figures 8I). In the low-risk group, IPS-PD1, IPS-CTLA4, and IPS-PD1-CTLA4 blocker scores were higher, indicating greater immunotherapeutic benefits (Figures 8J–L). The fact that chemotherapy is also a common treatment method for SKCM prompted us to assess the sensitivity of known anticancer clinical drugs (cisplatin and docetaxel) through the “pRRophetic” R package premised on the assessment of the tumor genes expression level. After calculating the sample’s IC50, we found that docetaxel exhibits a considerably higher response sensitivity in high-risk incidents than in low-risk incidents, contrary cisplatin shows higher response sensitivity in low-risk incidents (Figures 8M, N).




Figure 8 | Relationship Between the Prognosis-Associated Immune Signature and Drug Response in SKCM. The differential expression of (A) PDCD1, (B) CD274, (C) CTLA4, (D) TGFB1 in the two subgroups, correspondingly; Spearman correlation analysis of risk score and (E) PDCD1, (F) CD274, (G) CTLA4, (H) TGFB1; (I) IPS score distribution plot; (J) IPS-PD1 blocker score distribution plot; (K) IPS-CTLA4/PD1 blocker score distribution plot; (L) IPS-CTLA4 blocker score distribution plot; (M) Boxplot comparing patient response to docetaxel chemotherapy; (N) Boxplot comparing patient response to cisplatin chemotherapy. (ns, not significant, *P < 0.05, **P < 0.01, and ***P < 0.001).






Discussion

Due to its high rate of metastasis, invasiveness, and yearly increasing prevalence, SKCM has been reported as the leading cause of skin cancer death worldwide. There are several complicated multistep mechanisms responsible for the onset, progression, and metastasis of SKCM, yet its pathogenesis remains unknown, and there are no effective prognostic indicators for the disease. Therefore, understanding the underlying molecular mechanisms and identifying novel biomarkers is helpful for the prognostic prediction, risk stratification, and therapeutic target of SKCM. The current investigation was designed as a pilot study to find possible biomarkers associated with prognosis and also to test novel research ideas for the future. As a means of guiding individual therapy, prediction models have been investigated for many years. According to reports, models based on tumor gene expression could predict how patients would respond to gemcitabine and fluorouracil (22). Using genetic characteristics, Zhao et al. classified triple-negative breast tumors into different subgroups and evaluated the clinical effect of subtyping-based targeted treatment (23). It is uncommon for SKCM patients to receive individualized treatment based on molecular subtyping.

Research has shown that DNA damage response pathways are critical for correcting and repairing DNA damage, which can prevent cell aging, apoptosis, and carcinogenesis in the long run, as well as ensure activities of daily living (24). Specific DDR pathways include Specifically, DDR is made up of 8 pathways which include: variable DNA synthesis, Fanconi’s anemia, checkpoint factor, non-homologous end ligation, mismatch repair, homologous recombination repair, nucleotide excision repair, and base excision repair (25). Together, these mechanisms could repair DNA damage properly and promptly, maintain genomic integrity, and avoid gene distortion. Recent research has revealed that increased DNA damage and decreased cancer cell DNA repair capacity result in cancer cell genome distortion and that differentiating these cells from normal cells could enhance cancer therapy efficacy (26). DDR genes are cancer-driving and play an important role in clinical and translational medicine, and as a result, they can provide additional treatment options for cancer patients (27). SKCM has been connected to the DDR-related pathway, and the expression of particular DNA repair components has been found to be associated with the prognosis of the patient (28).

Numerous prognostic models premised on immunology, glycolysis, and autophagy genes have been developed, and their predictive usefulness in various kinds of cancer has been examined. Nevertheless, the prognostic value of DNA damage genes in cancer is still debatable. The present study examined the effects of DNA repair genes on SKCM development and patient outcome. Thirty DRRGs were identified using univariate Cox regression analysis, and the best 12 were identified using LASSO-Cox regression analysis (TYMS, SNAPC5, CMPK2, PDE4B, HCLS1, NME1, POLR2A, COX17, LIG1, POLE4, GTF2H1, and AK1). Following the completion of the calculation of risk scores using the risk coefficients, the patients were divided into two distinct groups. According to the examination of the survival data, high-risk patients as per the score appeared to have a dismal prognosis. Additionally, multivariate and univariate Cox regression studies illustrated that the tumor stage and signature were 2 independent prognostic variables. Moreover, the DRRGs prognostic signature was validated by utilizing the independent data set GSE65904.

5-FU has been reported to be an antimetabolite drug that causes cytotoxicity primarily by inhibiting thymidylate synthase (TYMS) resulting in dTMP depletion, compromising DNA synthesis. Patients diagnosed with CRC who were given chemotherapy based on 5-FU to address their condition, have been shown to have higher TYMS expression and lower survival when the insertion (ins) allele or the triple tandem repeat (3R variant) is present (29). Despite the lack of documentation of SNAPC5’s involvement in cancers, the results of this research suggest that further investigation will be needed. There is also evidence that CMPK2 and PDE4B, which are immune checkpoint proteins in cancers, inhibit cell proliferation and induce apoptosis (30, 31). HAX1 is implicated in apoptosis, cell migration, and calcium homeostasis. HAX1 protein partners were identified and their significance in oxidative stress and aggregation was studied (32). NME1/NM23-H1 nucleoside diphosphate kinase is a well-recognized metastasis inhibitor, with NME1 downregulation influencing in situ-to-invasive shift in the process of breast cancer development (33). POLR2A de novo germline variant has recently been linked to neurodevelopmental disease. POLR2A-associated developmental disorders are most likely a spectrum of linked, multi-systemic developmental diseases caused by different processes that converge at a single locus (34). The human cytochrome C oxidase assembly protein 17 (Cox17) has been recognized as an essential copper chaperone that facilitates the transfer of copper ions to the mitochondrion. In vitro investigations led by Zhao et al. have recently revealed that the Cox17 protein is involved in cisplatin transport to mitochondria and leads to cisplatin’s overall cytotoxicity (35). DNA ligase 1, also known as LIG1, has been singled out as a potentially fruitful therapeutic modification target for ovarian cancer (36). POLE3 supports epigenetic integrity and H3-H4 chaperone activity at the replication fork. WI/SNF gene mutations cause all cancers. GTF2H1 levels affect SWI/SNF-deficient cells’ sensitivity to cisplatin and UV damage (37). As a result, GTF2H1 may be an important prognostic indicator of platinum drug susceptibility in SWI/SNF-deficient cancer cells. Adenylate kinase (AK), which interconverts two adenine nucleotides into stoichiometric quantities of ATP and AMP, performs a crucial function in buffering adenine nucleotides across the tail to sustain flagellar movements. Martin Frejno et al. reported that AK1 inhibits cytarabine and that elevated levels of AK1 correlate with poor survival rates for patients with acute myeloid leukemia treated with Cytarabine (38). Research in this study found that AK1 was closely related to SKCM prognosis. Despite this, the exact mechanism of action is yet to be determined in SKCM. Hence, more research is needed into the role of AK1 in SKCM pathophysiology.

DNA damage repair is linked to immune cell activation in several types of cancer. Chatzinikolaou et al. found a direct connection between DNA damage and innate immune signaling (39). Researchers have discovered that inhibiting PARP and CHK1 increases the number of TILs (40). Moreover, Sato’s group discovered that genotoxic stress, including PARP suppression or irradiation, might upmodulate PD-L1 expression via the ATM-ATR/CHK1 pathway (41). According to Jiao et al. (42), PD-L1 may be upregulated by PARP suppressors, resulting in immunological suppression. Based on their study, Garsed et al. identified mutations in the DDR pathways as the cause of immune cell activation and infiltration (43). There has also been evidence that DNA repair mutations and immunological regulation genes contribute to bladder cancer (44). Furthermore, evidence has shown that DDR gene mutations that induce loss of function are common in metastatic SKCM, which could have an impact on immunotherapy efficacy (45). As a result, we conducted this bioinformatics research to investigate the possible link between DDR and immunological escape. According to GSEA functional enrichment analysis, the low-risk cohort was enriched in pathways associated with DDR and immunological modulation, suggesting immunomodulation was associated with a better prognosis. In this research, immune evasion genes were discovered to be overexpressed in SKCM patients who were at a reduced risk. We hypothesized that low-risk patients could derive benefits from immunotherapy because antibodies against immunological escape genes have been shown to enhance the responses of tumor-related T cells to tumor-related antigens, and upregulation of PD-L1 on tumor cells or immune cells has been linked to improved anti-PD1/PD-L1 immunotherapy effectiveness. The study of TIICs, which are recognized for stimulating tumor growth and development, is also a significant method for researching the TME of SKCM. As a result of CIBERSORT analysis, lymphocytes and monocytes were found to be elevated in SKCM samples rather than granulocytes. Subsequently, we evaluated the association between the infiltration of TIICs and risk score and discovered that the extent of immune cell infiltration in the high-risk cohort decreased significantly, as did immune-related functions such as modulation of checkpoints, T cell co-inhibition, and inflammation. These results imply that persons at high risk may develop systemic immunosuppression, which may affect their prognosis.

By suppressing anti-tumor immune cell function, the TME supports tumor growth. The immunosuppressive TME is formed by cancer cells, organ-specific niches, and immune cells with immunoregulatory roles. MDSCs, M2 macrophages, and Foxp3+ Treg cells contribute to the immunosuppressive TME. In our results, the level of M2 macrophage infiltration is positively correlated with the risk score. It has been discovered that M2 macrophages, also known as tumor-associated macrophages (TAMs), serve as immunosuppressive cells in TME. It has been hypothesized that the infiltration of M2 macrophages occurred at an increased level in the low-risk SKCM samples. The M2 macrophages have been shown to express PD-L1, and produce immune-suppressive enzymes, chemokines, and cytokines, thus aiding SKCM tumor angiogenesis and metastasis (46). The level of M1 macrophage, CD8+T cell, infiltrations, on the other hand, is negatively connected with the risk score. It’s worth mentioning that the link between higher riskscores and more infiltrative immune cells needs to be investigated further. The proportions of immune cells in TME changed the aggressive phenotypes induced by deregulation of DRRGs, showing that these genes are involved in the process of activation of the immune system response. DNA repair genes were linked to immunological and metastatic signals, as well as SKCM development and onset. Future SKCM research will require extensive TIICs analysis and large-scale sample research. We anticipated that high-risk patients’ cancers may be more responsive to chemotherapy (such as docetaxel) using the GDSC dataset. To improve survival, high-risk patients may take the corresponding chemotherapy after surgery. In the future, it might be necessary to conduct clinical chemotherapeutic trials.

It is important to highlight that our research has certain limitations as well. To begin with, the data utilized only consisted of a few participants, which might lead to selection bias. Second, in the corresponding publicly accessible GTEx and TCGA datasets, the proportion of healthy samples and SKCM samples was substantially distinct, potentially distorting the findings. Therefore, more tumor specimens should be examined in the future. Finally, since this is bioinformatics research premised on public datasets, experimental and clinical investigations are needed to confirm these results.



Conclusions

Our research discovered a 12-DRRG signature that might be used to forecast prognosis in SKCM patients. As a result of the present research, we propose that risk scores generated by our model could be used to enhance the current clinical staging system and predict clinical outcomes more accurately. However, more research needs to be conducted to verify our findings.
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The tumor microenvironment is a dynamic, complex, and redundant network of interactions between tumor, immune, and stromal cells. In this intricate environment, cells communicate through membrane–membrane, ligand–receptor, exosome, soluble factors, and transporter interactions that govern cell fate. These interactions activate the diverse and superfluous signaling pathways involved in tumor promotion and progression and induce subtle changes in the functional activity of infiltrating immune cells.

The immune response participates as a selective pressure in tumor development. In the early stages of tumor development, the immune response exerts anti-tumor activity, whereas during the advanced stages, the tumor establishes mechanisms to evade the immune response, eliciting a chronic inflammation process that shows a pro-tumor effect.

The deregulated inflammatory state, in addition to acting locally, also triggers systemic inflammation that has repercussions in various organs and tissues that are distant from the tumor site, causing the emergence of various symptoms designated as paraneoplastic syndromes, which compromise the response to treatment, quality of life, and survival of cancer patients. Considering the tumor–host relationship as an integral and dynamic biological system, the chronic inflammation generated by the tumor is a communication mechanism among tissues and organs that is primarily orchestrated through different signals, such as cytokines, chemokines, growth factors, and exosomes, to provide the tumor with energetic components that allow it to continue proliferating. In this review, we aim to provide a succinct overview of the involvement of cancer-related inflammation at the local and systemic level throughout tumor development and the emergence of some paraneoplastic syndromes and their main clinical manifestations. In addition, the involvement of these signals throughout tumor development will be discussed based on the physiological/biological activities of innate and adaptive immune cells. These cellular interactions require a metabolic reprogramming program for the full activation of the various cells; thus, these requirements and the by-products released into the microenvironment will be considered. In addition, the systemic impact of cancer-related proinflammatory cytokines on the liver—as a critical organ that produces the leading inflammatory markers described to date—will be summarized. Finally, the contribution of cancer-related inflammation to the development of two paraneoplastic syndromes, myelopoiesis and cachexia, will be discussed.




Keywords: cancer, tumor microenvironment, inflammatory mediators, cytokines, systemic inflammation, paraneoplastic syndromes, systemic immune-inflammatory markers



Introduction

In 2020, GLOBOCAN estimated the global cancer statistics as 19.3 million new cases and 10 million deaths yearly (1). The increasing incidence and mortality rates reflect the growth and aging of the population and the increase in risk factors associated with socioeconomic development. Great efforts have been made to detect cancer early; however, most cases are detected at advanced stages.

Inflammation is a well-conserved process in which a distinct subset of cells from the innate and adaptive immune response is recruited to eliminate harmful agents in the host. This process is essential for the host’s defense against pathogens and is accompanied by tissue repair and wound healing to regulate tissue homeostasis. However, when dysregulated, inflammation contributes to the emergence and development of cancer. Tumor-associated inflammation is a well-recognized tumor-enabling characteristic that promotes or sustains the acquisition of some characteristics termed the hallmarks of cancer (2, 3). During tumor development, tumor-associated inflammation shapes the anti-tumor immune response towards a more permissive and pro-tumoral state (3). In this regard, the relationship between the tumor and the immune response is well known; according to immunoediting theory, at the early stages of tumor development, the immune system exerts anti-tumor activity through immunosurveillance (4). In this setting, as the tumor evolves, so does its microenvironment and the immune response, favoring the establishment of a pro-tumoral immune response. Several reports have indicated that the shift from anti-tumor immunity towards a pro-tumoral response is supported by a myriad of factors released from the tumor, immune, and stromal cells into the tumor microenvironment, which act to establish a persistent tumor-associated inflammatory state (5).

Nonetheless, the tumor-associated inflammatory state not only has repercussions in its immediate local microenvironment, but the release of various components into the bloodstream that promote or sustain inflammatory activity at the systemic level primes a cancer-induced systemic inflammatory response (6). At the plasma level, high concentrations of these proinflammatory factors can affect different organs or systems, such as the endocrine, nervous, dermatological, and hematological systems, among others, resulting in the alteration of the expression of some molecules or set of circulating cells, which are currently used as markers of systemic inflammation associated with cancer (5). In addition to the known cytokines, chemokines, and growth factors, it is now recognized that exosomes are one of the main factors capable of reaching different organs or systems, leading to the development of additional comorbidities called paraneoplastic syndromes (6). Among these paraneoplastic syndromes, neuropathy, hypercalcemia, dermatomyositis, cachexia, and dysregulated hematopoiesis cause detrimental effects on the patient’s quality of life and are sometimes manifested before cancer detection (7). In some instances, the clinical manifestation of paraneoplastic syndromes contributes to the promotion of tumor growth-promoting capabilities, leading to decreased overall survival (8, 9).

The study of cancer initially focused on the tumor’s genetic alterations and biological activity. Recently, the role of the bidirectional interactions between the tumor and its microenvironment as an integral and evolving biological system has been considered. Although human tumors are composed of heterogeneous cell populations, employing tumor cell lines and animal models has allowed us to deepen our understanding of the participation of the microenvironment throughout tumor development.

This review highlights the intricate signaling mediated by the different components released in the tumor microenvironment and their contribution at the systemic level. First, we will describe the interaction between the tumor and the immune cells and its evolution during tumor development. The local production of immune-stimulating factors by the stroma and immune inhibitory mediators induced or produced by the tumor will also be considered. At the systemic level, the effect of the main proinflammatory cytokines reaching their target organs and their impact on the production of inflammation markers will be addressed. Finally, the clinical manifestations associated with the development of inflammatory cytokines-induced paraneoplastic syndromes will be examined.



Tumor microenvironment

According to the multistep carcinogenesis model, a tumor is shaped by a group of heterogeneous cells harboring genomic and epigenomic alterations. Transformed cells carrying driver mutations and epigenetic alterations activate aberrant signaling pathways that hinder the apoptotic process and promote uncontrolled cell proliferation. The growth of these transformed cells leads to changes in tissue architecture, which induces stress in the cells of the surrounding stroma, causing an increase in the production of soluble inflammatory mediators and growth factors and exosome release. These factors maintain a chronic inflammatory microenvironment that enables tumorigenesis (10). As the tumor grows, heterogeneous cell populations are generated due to the high and stochastic proliferation rate. Some of these new populations in the tumor mass acquire immune evasion mechanisms or produce soluble factors that modify immune cell phenotypes to support pro-tumor activity (11).

It has been recognized that the tumor microenvironment (TME) participates in cancer development and promotes the acquisition of some hallmarks of cancer (2). The composition of TME is heterogeneous; it is mainly composed of—but not limited to—cells such as endothelial cells, cancer-associated fibroblasts, pericytes, cancer stem cells, and immune-inflammatory cells, in addition to diverse extracellular matrix components (2).

In this context, the TME is a complex, redundant, and dynamic network that is constantly evolving throughout tumor development and progression. In this network, tumor, immune, and non-immune cells establish membrane–membrane and ligand–receptor interactions as well as communicate through the paracrine, juxtacrine, and internal secretion of various substances, such as proteins, different types of RNA, lipids, and biological mediators, which are delivered through the production of exosomes (12–14). Exosomes are vesicles between 40 and 160 nm in diameter. Exosomes arise from an early endosome in a process mediated by the endosomal sorting complex required for transport (ESCRT) (15). These mature endosomes are also known as multivesicular bodies (MVBs). MVBs can fuse with lysosomes for the degradation of their contents or can fuse with the plasma membrane, releasing their vesicles into the extracellular space (16). Exosomes can contain proteins, RNA, DNA, lipids, and carbohydrates. Initially considered as waste products of cells, exosomes are now known to play an essential role in cell communication (17). Most reports indicate that exosomes play paramount roles in tumor cell invasion, metastasis, and angiogenesis. In addition, exosomes are involved in modulating the TME, altering cellular metabolism, and promoting or inhibiting the immune response (18).

All of these interactions and molecule transfers activate diverse signaling pathways that affect gene expression, support the metabolic demands of different cell types, and induce the synthesis of various proteins that act as critical biomolecules to induce the participation of the immune response against genotoxic insults, incipient tumor formation, and tumor development (19, 20). During the early stage of tumor development, a nascent transformed cell develops in close interaction with the resident immune cells, among which the incipient transformed cell proliferates to form a small group of cells that lead to the distortion of the local tissue morphology. In this regard, and as part of the innate immune response, natural killer (NK) cells and resident macrophages eliminate susceptible tumor cells by releasing cytotoxic molecules that insert themselves into the tumor cell membrane, altering its permeability and causing cell death (21). Throughout this process, the dying cells expose molecules on their membrane or release intracellular molecules that acquire a new function, acting as alarmins or damage-associated molecular patterns (DAMPs) that promote the recruitment of other populations of immune cells, such as those involved in the adaptive immune response.

At this point, some reports have indicated that the exosomes released by tumor cells express class I and II MHC molecules and can prime and activate the immune response. As tumor cells develop and persistent growth occurs, the activation of the immune response continues and chronic inflammation is promoted, which initially stimulates an anti-tumor immune response (see below). However, it is known that chronic inflammation allows for the acquisition of new mutations and increased genome instability. Chronic inflammation causes the cellular composition of the tumor to become heterogeneous, resulting in a progressive change in the activities of the immune and stromal cells to promote a microenvironment that favors progression, invasion, and metastasis (22–24).



Participation of the immune response in cancer

The relationship between chronic inflammation and cancer development is well known and is considered a hallmark of cancer (2). Virchow’s observations led him to propose that chronic inflammation provoked by the presence of an immune infiltrate was associated with the development of cancer (25). Afterward, Dvorak reported similar features between inflammation and cancer, such as proliferation, cell survival, angiogenesis, and migration (26).

The immune system is composed of an intricate network of cells, including NK cells, which are part of the innate lymphoid cells (ILCs) (27) and NKT cells, along with macrophages and dendritic cells (DCs), which are cells of the phagocytic mononuclear system that are involved in antigen presentation. As part of the adaptive immune response includes T lymphocytes, such as CD4+ T and CD8+ T cells, and B lymphocytes (28). The detailed study of tumor-infiltrating immune cells in biopsied material obtained from cancer patients has indicated that immune cells interact with tumor cells through the production of diverse factors, such as cytokines, chemokines, the by-products of cell metabolism, growth factors, and the components of exosomes, which participate during the tumor development stages (29). It has been suggested that immune cells and the soluble factors they secrete induce a particular microenvironment that, in the early stages of tumor development, supports anti-tumor activities; nevertheless, the microenvironment evolves, and in the advanced stages of the tumor, the immune cells are modulated to promote tumor growth (29).

According to emerging knowledge on the biological role and physiological importance of the different cells that compose the immune system, it has been proposed that NK cells patrol the human body to recognize normal self-cells, a process carried out by two types of receptors. Thus, NK cell activation is tightly regulated by an intricate balance between activation and inhibition signals (30, 31). In a normal cell, the peptides derived from self-proteins are loaded onto class I MHC molecules and are recognized by NK cells through the killer cell immunoglobulin-like receptor (KIR). In contrast, the recognition of self-cell ligands, such as the stress-induced proteins MICA, MICB, and ULBP-1, is mediated by the natural cytotoxic receptor (NCR) (32, 33). In tumor cells, tumoral peptides are associated with class I molecules, impeding recognition by KIR receptors and triggering effector activity. For full activation, NK cells depend on glycolysis and oxidative phosphorylation (OXPHOS), which are modulated by mTORC1 (34, 35). NK cells fight tumors by releasing cytolytic molecules, such as perforin, granzymes, and granulysin, causing the death of sensitive tumor cells. Some authors have also shown that NK cells can release exosomes containing these cytolytic molecules that reduce or eliminate malignant cells in both tumor-bearing animal models and human tumor cell lines of distinct origins (36–38).

In addition, activated NK cells release several soluble mediators, such as tumor necrosis factor-alpha (TNF-α); interferon-gamma (IFN-γ); interleukin (IL)-10; chemokines, including CCL3, CCL4, CCL5, XCL1, etc.; and growth factors, such as granulocyte macrophage colony-stimulating factor (GM-CSF), etc. (39). IFN-γ is known to be essential for immune cell activation; in NK cells, it increases cell activity and cytolytic potential (40, 41). From this point of view, NK cell overactivity increases the proportion of dying tumor cells and releases more DAMPs are released, which act as “find me” signals, and tumor antigens. These tumor-released compounds promote the arrival of inflammatory and immune cells, initiating an acute inflammatory process (42, 43). In this setting, tissue-resident macrophages, dendritic cells (DCs), and recruited monocyte-derived DCs comprise the mononuclear phagocytic system (44, 45), playing a critical role in homeostasis, tissue repair, the immune response, and cancer (46). In local tissues, resident and immature DCs (iDCs) exhibit elevated phagocytic activity mediated by the expression of a variety of pattern recognition receptors (PRRs) (47), which recognize the DAMPs and tumor antigens released from dead and dying tumor cells. Then, the iDCs trigger a rigorous metabolic process to meet the cell’s energy demands, including increased aerobic glycolysis, decreased OXPHOS with a concomitant increase in nitric oxide (NO) production, and increased fatty acid (FA) metabolism (48, 49). ROS production regulates the acidification of the lysosomal compartment for the degradation of phagocytosed antigens to peptides, while FA metabolism supplies the components for cell membranes. During these events, the endoplasmic reticulum and Golgi apparatus are expanded for protein synthesis, which assists in the upregulation of class II MHC molecules and antigen cross-presentation by class I MHC molecules; the expression of the costimulatory molecules CD80, CD86, and CD40; the expression of receptors for chemokines; and cytokine secretion, including interleukin (IL)-1, TNF-α, IL-6, IL-8, IL-12, IL-15, IL-18, etc. All of these activities induce the progressive maturation of DCs to become professional antigen-presenting cells (APCs). Then, the APCs travel to the lymph node through the lymphatic vessels, a process in which glucose metabolism plays a critical role (50, 51).

In the lymph node, DCs (mDCs) act as potent APCs that stimulate the proliferation and maturation of naïve antigen-specific CD4+ T cell clones and, by antigen cross-presentation, the activation of naïve antigen-specific CD8+ T cells. In addition to direct cell–cell interactions, some studies have indicated that exosomes released by APCs can also induce T-cell activation. It has been demonstrated that they express peptides associated with class I and II MHC and costimulatory molecules. In addition, they can also activate T and NK cells through the NKG2D–NKG2D ligand interaction (52–58).

Soon after the initial T-lymphocyte priming, T cells upregulate aerobic glycolysis, increasing glucose transporters and enzymes to meet their energetic demands; glutaminolysis and increased amino acid uptake favor OXPHOS for ROS and NO synthesis. In addition to mitochondrial biogenesis, lipogenesis by the endoplasmic reticulum and Golgi apparatus are required. Following this PI3K-AKT-mTORC1-dependent metabolic reprogramming, effector CD4+ T cells secrete several cytokines, such as IL-2, IFN-γ, etc., that induce the activation of specific transcriptional programs for the stimulation of antigen-specific CD8+ T cells and the overactivation of NK cells (59–61). The CD8+ T cells then release various cytokines, such as IFN-γ, IL-2, and TNF-α, and synthesize cytolytic molecules to become effector cytotoxic T lymphocytes (CTLs) (60, 62). After T-cell expansion, effector CD4+ T cells and CTLs migrate through the bloodstream and infiltrate the tumor, becoming critical cells for tumor destruction (63). A recent report from Rezaei R et al. using a CT-26-induced BALB/c mouse model of colorectal cancer indicated that when incorporated into tumor-derived exosomes, miR-124-3p, which acts as a post-transcriptional regulator of gene expression, stimulates a potent antitumor immune response, diminishing T regulatory (Treg) cells, reducing tumor mass, and increasing the overall survival rate (64). This miRNA is downregulated in colon cancer compared to non-malignant tissue, and in vitro studies have indicated that in Treg cells, PD-L1 expression is inhibited by cytokines such as TGF- β and IL-10 (65). All of this information suggests the possible involvement of exosomes released by tumor cells in the induction of a potent anti-tumor immune response. The cytokines released by T cells create a positive feedback loop that perpetuates the inflammatory process, as the array of pro-inflammatory cytokines leads to the overstimulation of innate immune cells. In addition, the overstimulated NK cells upregulate the activity of tissue-resident macrophages and the recruited neutrophils at the tumor site. These phagocytic cells carry out the respiratory burst to further produce pro-inflammatory cytokines and release ROS and NOS, promoting the M1 and N1 cell phenotypes, respectively. The induced anti-tumor activity leads to the additional destruction of tumor cells (66). Exosomes released by these metabolically activated cells mimic the tumoricidal activity of M1 and N1 cells (67–69).

A chronic inflammatory process is induced when this cellular circuit is maintained to eliminate tumor cells which mutations generate immunogenic changes in the synthetized tumor proteins. Reports have indicated that the chronic inflammatory process causes the release of transferrin-bound iron, which accumulates in the extracellular space. It is known that tumor cells take up this element, which promotes the production of DNA-damaging ROS. Increased DNA damage may lead to cell death in some vulnerable tumor cells in a process known as cell death mediated by ferroptosis (70). Conversely, these and other mutation-causing factors could promote genomic instability and epigenetic changes in other cells within the tumor cell population, which could lead to the maintenance of cell viability and enhance tumor proliferation, induce resistance to apoptosis, and, concomitantly, increase tumor heterogeneity (71).

Thus, the tumor comprises new tumor cell clones, increasing phenotypic heterogeneity, and the tumor mass itself. Oncogenic changes promote the activation of various signaling pathways in the heterogeneous tumor population, increasing the release of exosomes with different molecules or soluble factors that reinforce the inflammatory phase of chronic inflammation. For example, driver mutations in genes, such as MYC, K-RAS, or RET activate signaling pathways that promote the synthesis and release of proinflammatory cytokines, such as IL-8, IL-1, and CXC chemokines (72–74).

Depending on the tumor type, stage of tumor progression, genetic background, clinicopathological characteristics of the patient, etc., the distribution and density of non-malignant cells infiltrating the tumor vary greatly. Tumor and non-malignant cells produce several cytokines, growth and differentiation factors, chemokines, lipids, and nucleic acids that are released or loaded into exosomes, generating a wide array of molecules that promote cancer. Various research groups have published excellent reviews describing the signaling pathways involving cytokines, growth factors, and exosome components that may play a role in cancer (14, 18, 54, 75–77).

In the more advanced stages of cancer development, the surrounding tumor, stromal, and immune cells show a high rate of proliferation that requires high metabolic activity, resulting in the release of various by-products. In addition to the factors released by the various cells that make up the tumor, these metabolic by-products create a complex and changing microenvironment, which gradually promotes cancer cell survival and tumor mass growth. High metabolic activity is indispensable due to the chronic inflammatory process induced by the tumor. The increased energy and biosynthetic requirements mediated by increased glucose uptake and aerobic glycolysis favor the tumor’s proliferation, differentiation, and growth and affect the stromal cells. During this metabolic reprogramming, tumor cells produce—or induce the immune and stromal cells to produce—several cytokines that stimulate tumor growth while inhibiting or blocking the effector activity of immune cells. Some of the cytokines produced include IL-10, IL-6, IL-4, High Mobility Group-Box 1 (HMGB1) protein, etc., while several growth factors are generated as well, such as Epithelial Growth Factor (EGF), vascular endothelial growth factor (VEGF)-A, transforming growth factor-β (TGF-β), platelet-derived growth factor subunit A (PDGF-A), angiopoietin-like 4 (ANGPTL4), etc.; information about these factors is summarized in Table 1. In addition, some chemokines and their receptors play an important role in the TME and are expressed by tumor, immune, and stromal cells. Due to their anti- and pro-tumor effects, α-chemokines, i.e., CXC chemokines that contain a CXC motif at their N-terminus, have attracted attention. Some reports have indicated that CXCR3 and its corresponding ligands, CXCL14 and CXCL16, recruit primary immune cells with immune regulatory functions and pro-tumor activities, such as tumor-associated macrophages (TAMs) and neutrophils (TANs), myeloid-derived suppressor cells (MDSCs), and Treg cells (120–122). Chemerin was initially described as a chemotactic factor for NK cells, macrophages, and myeloid and plasmacytoid DCs (123–125), favoring tumor infiltration by leukocytes and the regulation of cell metabolism. Current reports indicate that different cell types produce chemerin, including fibroblasts, epithelial cells residing in the tumor niche, and cells from distant organs, such as hepatocytes and adipocytes (126–128). Although most tumors downregulate the expression of chemerin, the potential pro- and anti-tumor activities of this molecule have been reported in the TME and have been suggested as a prognosis marker (129). More information on this topic is beyond the scope of this review; however, further information can be obtained from previous studies (130, 131).


Table 1 | Cytokines and Growth Factors associated with cancer-related inflammation.



In the TME, the high proliferation rate of tumor cells induces hypoxia, leading to hypoxia-induced acidosis caused by the release of lactate (132). During this metabolic reprogramming in liver cancer, the lncRNA HULC modulates the activity of crucial glycolytic enzymes through phosphorylation (133). In addition, LINC00261 promotes aerobic glycolysis in pancreatic cancer by activating the miR-222-3p/HIPK2/ERK axis (134). The participation of exosomes during hypoxia is an emerging research area. In one study, the long-intergenic non-coding RNA regulator of reprogramming (LINC-RoR) contained in the exosomes released by hepatocellular cancer cells under hypoxic conditions was shown to lead to increased HIF-α expression and the poorer survival of patients (135). In addition, in colorectal cancer, LINC00152 has been shown to be released in exosomes under hypoxic conditions, participating in the pathogenesis and progression of this cancer (136, 137). The production and secretion of lactate by tumor and infiltrating immune cells induce a gradual reconversion of immune cells from anti-tumor to pro-tumor activity to promote tumor immune evasion and support the migration and invasion of tumor cells (138, 139).

Tumor cells increase their iron uptake to supply their bioenergetic demand. Iron metabolism impacts DNA synthesis, cell cycle progression, and morphogenesis in physiological processes during normal cell life. This metabolic program also participates in invasion, metastasis, and EMT (140). However, as mentioned previously, increased cytoplasmic iron levels could induce a type of cell death known as ferroptosis (141). Cells undergoing ferroptosis release DAMPs associated with cell death, such as HMGB1, ATP, etc. (142). In the TME, extracellular ATP released by dead or dying cancer cells is hydrolyzed by several families of ectonucleotidases (143), mainly CD39 and CD73, which are expressed by immune and endothelial cells (144, 145). These enzymes are responsible for the conversion of extracellular ATP to adenosine. Adenosine accumulation in hypoxic cancer tissue is sensed by A2AR and A2BR receptors on immune cells that hamper the anti-tumor immune response. It is known that A2AR blocks the immune cells secretion of IFN- γ and IL-2. At the same time, A2BR prevents antigen presentation by mDCs and induces the polarization of M1 to M2 macrophages and the stimulation of MDSCs (146, 147).

Additionally, metabolic reprogramming activates signaling pathways that lead to aberrant gene expression due to epigenetic changes that alter tumor and stromal cells. These metabolic changes produce cells that also display the pro-tumor properties, such as cancer-associated fibroblasts (CAFs), induced by the TGF- β and EGF secreted by the tumor (148). In addition, they produce several chemokines; TGF- β ; IL6; some growth factors such as hepatocyte growth factor, insulin-like growth factor, etc.; and release exosomes. Furthermore, this environment favors the recruitment of MDSCs (149), TAMs (150), mesenchymal stem cells (MSCs) (151), and Tregs (152, 153). The role of exosomes in promoting the participation of these subsets of immune cells displaying pro-tumoral activity is discussed in the following reviews (154, 155).

In the TME, the accumulation of cytokines, chemokines, soluble factors, and a mixture of biomolecules in exosomes compromises the immune response during the advanced stages of cancer (156–158). Soluble factors with immunosuppressant activity, such as IL-10, TGF-b, IL-4, IL-6, etc., impair the function of NK cells (159, 160) and CTLs (161, 162) by inhibiting their effector activity and downregulating the expression of transcripts coding for cytolytic molecules. This cytokine environment induces the differentiation of CD4+ T to Treg cells (163–165) and maintains a stage of dedifferentiation in MDSCs by enhancing the expression of TGF-β and IL-10. In addition, tumor-resident MDSCs produce cyclo-oxygenase 2 (COX-2), arginase 1 (ARG1), inducible NO synthase (iNOS), IL-10, and indoleamine 2,3-dioxygenase (IDO), which accentuate the suppressor milieu (166). In hypoxia, pyruvate is reduced to lactate, which decreases the local pH. Moreover, IL-4 or IL-13 stimulates the polarization of the macrophages from the M1 to M2 phenotype to support tumor progression and angiogenesis (167) (Figure 1).




Figure 1 | Systemic effects and paraneoplastic syndromes caused by cancer-associated inflammation. During the advanced stages of tumor development, tumor and stromal cells release an array of soluble factors, such as cytokines, chemokines, growth factors, metabolic by-products, exosomes, and ncRNAs, which sustain the local inflammatory state. Moreover, these soluble factors, when released into the bloodstream, reach distinct organs, systems, and tissues, causing alterations in their function and the production of diverse molecules and subsets of cells, which can be employed as biomarkers to assess cancer-related systemic inflammation. Created with BioRender.com.





The systemic effect of tumor microenvironment-derived cytokines

Studies performed with cancer patients and animal models have studied several local and systemic cytokines. In cancer patients, diverse cytokines and soluble factors showing pro- and anti-inflammatory activities may be detected as free circulating or exosome membrane-bound molecules (168). Reports have indicated that the cytokines IL-1, TNF-α, IL-6, G-CSF, and GM-CSF mainly act at the systemic level, affecting the function of some organs (169). Our group quantified eight cytokines at the systemic level in smoking patients with lung adenocarcinoma and found a significant increase in IL-2, IL-4, IL-6, and IL-10 compared to their levels in healthy smoking subjects. Among these cytokines, the concentration of IL-6 was the highest in the peripheral blood of cancer patients, showing an increase of approximately sevenfold. To explain the increased systemic levels of IL-6, several reports from distinct groups, including ours, have pointed out that tumor cells from different types of cancers produce this cytokine (170, 171). Currently, the roles of these cytokines in cancer have gained considerable attention. In particular, those cytokines acting at the systemic level have been associated with the development of some clinical signs or symptoms of paraneoplastic syndromes.


TNF-α

As discussed in the previous section, the tumor and its stroma release cytokines that act on various systems and organs. TNF-α is a pro-inflammatory cytokine with diverse functions that participates in homeostatic and distinct pathological conditions. The biological activity of TNF-α is exerted via binding with its cognate receptors: TNF-α receptor 1 (TNFR1) and 2 (TNFR2). TNFR1 is ubiquitously expressed in cells and is activated by the transmembrane or the soluble form of TNF-α. To the contrary, the expression of TNFR2 is limited to specific cells, such as immune and endothelial cells and cells of the central nervous system, and its activation mainly depends on the transmembrane form of the ligand (172). The role of these receptors in homeostasis has been described. The activation of TNFR1 mainly promotes inflammation, the induction of cell death via apoptosis or necroptosis, and tissue degeneration.

Conversely, the activation of TNFR2 is associated with cell survival and the wound healing process (172). Once TNF-α is produced and released into the bloodstream, this cytokine can reach the adipose tissue, where it modifies the adipocytes glucose and lipid metabolism. In this regard, TNF-α decreases glucose uptake by inhibiting the signaling pathways triggered by insulin and, as a result, downregulates the mRNA and protein expression of GLUT-4 (173, 174). Simultaneously, TNF-α activates lipolysis via the inhibition of the peroxisome proliferator-activated receptor (PPAR)- γ and CCAAT enhancer-binding protein, causing an increase in the expression of neutral lipases (175). These observations might explain the increased levels of serum lipids detected in cancer; however, more studies are required to demonstrate the role of TNF-α during the dyslipidemia observed in cancer (176).

Studies in cancer patients have demonstrated that cancer-associated systemic inflammation is associated with a sense of pain or hyperalgesia from an unknown source. In peripheral nerves, TNF-α is linked with this phenomenon. In this setting, the interaction of TNF-α with TNFR1 causes the activation of the p38/MAPK signaling pathway, which culminates in the activation of Na+ and K+ ionic channels in peripheral nerves, leading to pain generation (177, 178).

In addition, the findings from a recent study indicated that in hepatocellular carcinoma, TNF-α released in exosomes promoted osteoclast differentiation. During this phenomenon, the TNF-α stored in the exosomes produced by hepatocellular Huh-7 cells caused the expression of osteoclast-associated differentiation markers when added to murine macrophage/monocyte cell lines through the activation of the NF-κB/cathepsin K/triiodothyronine receptor auxiliary protein axis. These findings explain the tendency of hepatocellular cancer cells to generate bone metastases (179).



Interleukin-1

IL-1 is a pleiotropic cytokine that is involved in various inflammatory processes. IL-1 belongs to the Ig-like receptor superfamily, which is characterized by the presence of the Toll/interleukin-1 receptor (TIR) domain. The TIR domain is essential for the biological activity of IL-1 (180, 181). The ligands of the IL-1 family are IL-1, IL-18, IL-33, and IL-36. These agonists bind to three receptors: IL-1α and IL-1β perform cell activation when bound to IL-1R1; IL-18 is a ligand of IL-18Ra; IL-33 binds to ST2 (IL-1R4); and IL-36α, β, and γ are agonists of IL-1Rp2 (IL-1R6). The primary function of this family of ligands and receptors is to participate in inflammatory processes (182, 183).

IL-1α and IL-1β are encoded by different genes and have minimal homology. IL-1α is synthesized as pro-IL-1α, which can be proteolytically cleaved by calpain, granzyme B, elastase, and chymase. When the mature form of IL-1α is released, it acts as an “alarmin,” activating the innate immune response against noxious stimuli (184). IL-1β is a critical player in the inflammasome. The activation of the inflammasome in innate immune response cells, such as monocytes and neutrophils, occurs when pathogen-associated molecular patterns (PAMPs) and DAMPs bind to Toll-like (TLRs) and NOD-like (NLRs) receptors. The assembly of the inflammasome causes the cleavage of pro-caspase 1, and caspase 1 is released, which then cleaves pro-IL-1β and pro-IL-18. IL-1α and IL-1β establish chronic inflammation in the process of carcinogenesis (185). In IL-1/IL-1R1 knockout murine models, it was observed that IL-1 was a critical factor in the inflammatory process associated with 3-methylcholanthrene carcinogenesis (186). Both IL-1α and IL-1β participate in the systemic inflammation associated with cancer. Tumor and stromal cells in the tumor microenvironment produce and release IL-1.

Recent reports have indicated that cancer-derived exosomes from prostate and lung cancer as well as glioblastoma cell lines stimulate the production and release of IL-1β in immune and non-immune cells (187–189). In this setting, cancer-derived exosomes may trigger distinct intracellular signaling pathways in receptor cells, culminating in NF-κB activation and the subsequent expression of the IL-1β gene or the activation of inflammasomes through NLRP3 for the cleavage of pro-IL-1β into its active form (190, 191). In support of this, Linton et al. reported that exosomes derived from pancreatic ductal adenocarcinoma (PDAC) cell lines caused the polarization of M0 into immunosuppressive pro-tumoral M2 macrophages, which increased the production and release of IL-1β (327). In this regard, PDAC-derived exosomes were shown to contain increased levels of arachidonic acid, leading to its subsequent metabolism into free fatty acids, which activate inflammasomes through NLRP3 (193). Several reports have indicated that IL-1 in circulation affects several organs and may contribute to establishing paraneoplastic syndromes, such as cachexia (see below) (194–197).



IL-6

Low blood levels of IL-6 ranging between 1 and 5 pg/mL have been reported under normal conditions (198). In addition, soluble forms of the receptors IL-6R and gp130 have been detected. After local production by tumor cells in the inflammatory niche, IL-6 is released into the bloodstream and eventually reaches the liver, where it has several biological effects on hepatocytes. In one study, an increase in the production of acute phase proteins (APPs), such as C-reactive protein (CRP), serum amyloid A (SAA), fibrinogen, haptoglobin, and α1-antichymotrypsin, and an opposing decrease in albumin, fibronectin, and transferrin were detected. In addition, IL-6 regulates the transporters of iron and zinc associated with anemia that are detected in chronic inflammation (199). IL-6 also promotes megakaryocyte maturation in the bone marrow, increasing the serum platelet count (200).

The varied effects induced by IL-6 are detected mainly in chronic inflammatory diseases. In addition, this cytokine exerts various biological actions on the distinct types of immune cells, maintaining a deregulated and persistent positive feedback loop. IL-6 has evident pleiotropic effects in hematopoiesis, inflammation, the immune response, and cancer.




Parameters to assess systemic immune-inflammatory markers

The liver is a primordial organ that eliminates waste and toxic compounds, mainly found in dietary products, or harmful particles from pathogens. In addition, it provides nutrients and produces mediators that alert immune cells to induce an inflammatory response that eliminates harmful agents and induces the restoration of tissue homeostasis. The products of pathogens (PAMPs) or those derived from the host’s damaged cells (DAMPs) induce the release of acute phase proteins from the liver (201, 202). Kupffer cells and macrophages produce proinflammatory cytokines, such as IL-6, IL-1β, and TNF-α, to generate a series of products associated with the inflammatory response (203, 204). These cytokines activate resident cells, such as hepatocytes, endothelial cells, hepatic stellate cells, and diverse immune cells, from the hepatic arteries and portal vein in the liver. In addition, the liver releases diverse enzymes that inactivate harmful drugs and produces serum proteins, such as albumin and coagulation factors (205) (Figure 1).

Local inflammation appears to be reflected at the systemic level, and this is supported by several studies (6, 206, 207). Routine hematological parameters have been used in recent years as indicators of systemic inflammation. Among these simple parameters, the proportions of circulating inflammatory cells, including the white blood cell (WBC) count, lymphocyte count, neutrophil count, platelet count (PLTs), mean platelet volume (MPV), and levels of hemoglobin (Hb) and serum CRP, have been screened (208, 209). Analyte-based scores or ratios of some of these parameters have been reported to assess systemic inflammation, and their correlation with the prognosis of numerous pathologies, including cancer, has been described.

The Glasgow prognostic score/modified Glasgow prognostic score (GPS/mGPS) is an inflammatory indicator (210, 211). The GPS/mGPS reflects the systematic inflammatory response and nutritional status. Recent studies have shown that the GPS/mGPS is a novel inflammatory index that can predict outcomes in various cancers (212–214). However, the molecular mechanisms underlying the relationship between the GPS/mGPS and poor prognostic outcomes are still unclear. A plausible explanation is that an elevated GPS/mGPS may reflect an individual’s immune and nutritional status. The GPS/mGPS comprises albumin and CRP; both are acute-phase proteins synthesized in the liver. The CRP level is regulated by several pro-inflammatory cytokines, such as IL-1, TNF-α, TGF-β, IFN-γ, and IL-6 (215). Studies have shown that IL-6 correlates with OS and SOC in CRC, and its effect could explain the promotion of tumorigenesis and metastasis (216, 217).

Additionally, CRP is associated with the activity of infiltrated immune cells, including DCs, T cells, and NK cells (218, 219). Many studies have shown that CRP is an independent biomarker for predicting prognostic outcomes in various cancers (220, 221). The serum albumin level is used to evaluate liver function and nutritional status. Hypoalbuminemia is a common feature of the systemic inflammatory response, cancer recurrence, and metastasis. In addition, it has been shown to be positively correlated with the OS and CSS of patients with various cancers, including CRC and ovarian cancer (222, 223).


Albumin

Albumin is a low-molecular-weight protein of 66 kDa consisting of a single polypeptide chain with 585 amino acid residues that is fully synthesized in the liver, which produces approximately 15 g daily. Albumin maintains a plasma concentration of 35–45 g/L and is the most abundant protein in plasma, contributing to the maintenance of oncotic pressure and the permeability of the microvasculature. In addition, it has been implicated in important metabolic functions as it transports several endogenous ligands, such as free FAs, bilirubin, and ion metals, as well as some exogenous ligands (224, 225). Albumin expression is mainly regulated at the transcriptional level. Decreased albumin synthesis leads to hypoalbuminemia, which contributes to the development of edema by the transudation of fluids into extravascular spaces. TNF-α is a key cytokine involved in the inhibition of albumin synthesis, although other cytokines, such as IL-1β and IL-6, may contribute as well.

The serum albumin level is a marker of nutritional status, and a level less than 35 g/L is considered to indicate hypoalbuminemia. Albumin acts as an anti-inflammatory molecule; its increase is associated with blocking the migration of neutrophils through the endothelium by decreasing the expression of VCAM-1 in a TNF-α-dependent manner (226). Regardless of the disease, decreased serum albumin has been proposed as a risk factor and predictor for morbidity and mortality.



Platelets

Platelets, or thrombocytes, are nonnucleated and discoidal fragments derived from precursor megakaryocytes during megakaryopoiesis. Platelets maintain normal hemostasis and participate in several biological processes, such as the control of blood vessels and their interactions with endothelial cells. They also form a platelet plug with various extracellular matrix components, which inhibits vascular leakage. In addition, they are vital in acute and chronic inflammation due to their release of cytokines and chemokines that attract leukocytes and favor immune cells to reach the damaged tissue for wound healing. Furthermore, they are critical participants in the pathophysiology of several diseases, including cancer (227–229). Platelet characteristics have been found to be significantly associated with the clinical outcomes of several pathologies. Two of these features are the number of circulating platelets, designated as the platelet count, and the mean platelet volume (MPV).

The complete blood count includes the platelet count and the MPV. The platelet count quantifies the number of platelets in the blood; there are usually between 150,000 and 450,000 platelets in each microliter. Platelet parameters are used in the diagnosis of a patient’s general condition and have a prognostic value in some pathologies. A platelet count is related to pathologies associated with a chronic condition (229). MPV is a measure of platelet size that results from a higher production by megakaryocytes; hence, it indicates if there are more young platelets circulating in the bloodstream. The MPV ranges between 7.5 and 12.0 fl (229). The value is inversely related to the platelet count, hemostasis maintenance, and the preservation of a constant platelet mass. MPV is a marker of platelet activity, and it has been related to prothrombotic and proinflammatory diseases (230).

Under inflammatory conditions, the increase in IL-6 causes an increase in the ploidy of megakaryocytic nuclei and an increase in the cytoplasmic volume, leading to the generation of a large number of platelets. These platelets migrate to the site of inflammation, where they undergo activation and are depleted, triggering a decrease in the MPV of the patient’s blood during the development of the inflammatory process (229).



Fibrinogen

Fibrinogen is produced in the liver during general acute-phase inflammatory provocation. Inflammatory cytokines induce fibrinogen synthesis by hepatocytes and Kupffer cells. Several reports have indicated that IL-6 is a key cytokine that promotes fibrinogen production due to the presence of several IL-6 response elements in the fibrinogen genes. In addition, IL-6 regulates fibrinogen transcripts via the MEK-ERK signaling pathway (231, 232).

In association with other molecules, fibrinogen participates in coagulation, fibrinolysis, and cellular and matrix interactions that support cell migration, inflammation, and wound healing. An increased risk of cardiovascular disease has been associated with elevated fibrinogen levels (233). Cancer patients present with malfunctions in the coagulation process, and this molecule has been associated with cancer development. Fibrinogen binds to growth factors, such as fibroblast growth factor-2 (FGF-2, bFGF) and (VEGF, to enhance tumor growth and increase the migration, invasion, and metastasis of tumor cells, as well as angiogenesis—processes which are considered to be hallmarks of cancer. The fibrinogen/albumin (F/A) ratio is considered a promising inflammation-based marker. A high FAR was shown to be associated with clinical–pathological features and survival in some cancers (234). However, multicentral clinical trials are needed to analyze the clinical impact of this relationship on medical oncology.

The evidence presented thus far provides an explanation for the usage of these hematological parameters and their diverse relationships to analyze the systemic inflammatory state. These ratios are associated with prognosis and survival in inflammatory diseases, including cancer (235). Owing to the extensive information indicating the prognostic value of these ratios, we only refer to those works in which these indices were assessed in the most frequent types of cancer. The reported ratios are indicated in Table 2.


Table 2 | Available systemic inflammation indices predicting prognosis and outcome in cancer patients.






Paraneoplastic syndromes

Understanding the local inflammation associated with cancer allows for a better understanding of the interaction between tumor cells, immune cells, stromal cells, and the soluble factors released by this system. The release of proinflammatory factors from tumor or stromal cells—in the form of soluble factors or those contained in exosomes—into the bloodstream alters the production of APPs, metabolites, and cells, which impacts organs and systems, causing the appearance of symptoms unrelated to the tumor itself, called paraneoplastic syndromes (6). Approximately 8% of cancer patients present one or more paraneoplastic syndromes. Paraneoplastic syndromes are classified as neurologic, rheumatologic, dermatologic, or hematologic, depending on the type of tumor (264, 265). The manifestation of paraneoplastic syndromes has detrimental effects on patient’s quality of life and outcome. In addition, some paraneoplastic syndromes may exhibit tumor-promoting capabilities (7). In this section, we will discuss the development of myelopoiesis and cachexia.


Stimulation of myelopoiesis in cancer-related inflammation

One of the main targets of pro-inflammatory mediators in the bone marrow is a process known as hematopoiesis, whereby hematopoietic stem and progenitor cells (HSPCs) differentiate into mature blood cells. Under physiological conditions, denominated as steady-state hematopoiesis, local and external signals promote the retention of HSPCs in the bone marrow. For this purpose, the bone marrow stroma cells, including endothelial, vascular, and osteolineage cells and macrophages, participate in a well-orchestrated network to control the proliferation and differentiation of HSPCs (266). However, during acute systemic infection or inflammation, factors released from pathogens and damaged cells, as well as proinflammatory cytokines (IL-6, IL-1β, and TNF-α), impact HSPCs and stromal cells, causing the rapid mobilization and differentiation of HSPCs into myeloid cells, a process known as emergency myelopoiesis (267, 268).

In cancer, it has been demonstrated that tumors take advantage of emergency myelopoiesis to rapidly expand pools of myeloid-derived cells showing immune suppressive and tumor-promoting activities (266). These cells are known as MDSCs and can be classified as granulocytic (CD11b+CD14-CD15+) or monocytic (CD11b+CD14+CD15-) depending on the myeloid progenitor from which they were derived (269).

As mentioned above, the plasma concentration of proinflammatory cytokines, such as IL-1β, TNF-α, and IL-6, increases in several types of cancer due to the sustained inflammatory environment caused by the tumor and its stroma. These cytokines, along with other bioactive soluble factors, such as GM-CSF and G-CSF, travel freely in circulation or are stored in exosomes reaching the bone marrow, causing the proliferation, mobilization, and skewed differentiation of HSPCs towards myeloid cells (270). Reports on G-CSF have indicated that as the G-CSF level in the bone marrow decreases, the expression of maintenance molecules for HPSCs, such as CXCL12, osteopontin, Kit-1, angiopoietin, and vascular cell adhesion molecule 1 (271) increases, thus promoting their proliferation. In the bone marrow, IL-6 binds to IL-6R—which is mainly expressed on hematopoietic multipotent progenitors but not in short- or long-term repopulating HPSCs—suppressing the differentiation of lymphoid cells and stimulating myeloid differentiation (272). Marigo et al. demonstrated in mice that GM-CSF, G-CSF, and IL-6 in the bone marrow caused the activation of the master regulator of emergency granulopoiesis, the C/EBPβ transcription factor, which is responsible for the differentiation of HSPCs into MDSCs and their immunosuppressive activity (273). Initial studies in humans by Wu et al. showed that increased frequencies of HSPCs and granulocytic progenitors in different cancer types were found in cancer patient’s blood compared to those of healthy donors (274). The increase in these cell populations was negatively correlated with several clinical parameters, including the time to progression and the stage of the disease, suggesting that activated bone marrow myelopoiesis is a phenomenon that promotes tumor progression.

However, these proinflammatory cytokines are not only responsible for the expansion and differentiation of HSPCs in the bone marrow. In a mouse model of breast and lung cancer, Sayed et al. found that hematopoiesis was biased towards myelopoiesis due to the action of TNF-α released from infiltrating CD4+ T cells (275). During this process, TNF-α caused a skewed differentiation of HSPCs towards MDSCs, with a concomitant decrease in erythroid and lymphoid precursors (275). In this scenario, TNF-α acted on HSPCs and MDSCs through TNFR-2, upregulating the expression of the caspase-8 inhibitor c-FLIP and promoting their survival (276). In these works, it has been demonstrated that tumor-promoting inflammation has profound systemic effects during the advanced stages of cancer, causing biased hematopoiesis toward the production of immunosuppressive myeloid cells and sustaining tumor progression. In addition, the results from these studies have helped to explain the altered percentages of hematological inflammatory parameters detected in cancer patients by the effect of these pro-inflammatory cytokines and growth factors in the bone marrow.

In recent years, owing to the use of NGS approaches and elegant in vivo models, it has been shown that hematopoiesis is altered and biased towards myelopoiesis in the early stages of tumor development (277). Surprisingly, pro-inflammatory cytokines play a significant role during this process by activating hematopoiesis in the bone marrow to direct the production of myeloid progenitors and micro-RNAs (miRNAs) delivered from the tumor. The TME plays a critical role in controlling this process. Some of these tumor-associated miRNAs, such as miR-23b-3p, miR-27a-3p, and miR-671-5p, in bone marrow downregulate the expression of genes involved in B-cell receptor signaling and antigen processing. With this work, it is tempting to speculate that other subsets of non-coding RNA, in addition to miRNAs, are released from the tumor or its stroma to activate myelopoiesis in the bone marrow. However, studies to demonstrate this proposal are required.

In addition to proinflammatory cytokines and non-coding regulatory RNA, myelopoiesis is controlled directly or indirectly by the metabolites released from the tumor as part of the metabolic reprogramming of cancer cells (2, 278). For example, the direct control of myelopoiesis by metabolites involves the participation of oxysterols and desmosterol in the differentiation and expansion of MDSCs. These cholesterol metabolites bind to retinoic acid-related orphan receptors expressed in the cell precursors of MDSCs (278). They have been detected in distinct pathologies, such as obesity, metabolic disorder, diabetes, and cancer (279). Recent evidence from Vladimirov et al. demonstrated that colorectal cancer patients had significantly increased values of cholesterol serum precursors compared to healthy donors, suggesting that cholesterol metabolism is altered in cancer (280). This evidence allows us to speculate that such patients might present altered myelopoiesis and thus increased numbers of MDSCs and other immunoregulatory cell populations; however, intensive research using in vitro and in vivo models in distinct types of cancer is needed to confirm this hypothesis. The activation of aerobic glycolysis indirectly affects cancer metabolic reprogramming in myelopoiesis. In a triple-negative breast cancer mouse model, Li et al. demonstrated that aerobic glycolysis stimulated the release of G-CSF and GM-CSF via C/EBP-β and liver-enriched activator protein. This glycolytic-dependent production of G-CSF and GM-CSF was correlated with increased MDSCs and low T lymphocyte counts in breast cancer patients (281). Although these results are pioneering, more studies are necessary to uncover the complete impact of altered metabolism on myelopoiesis in cancer.

Recent studies have demonstrated that hematopoiesis can occur outside the bone marrow under distinct inflammatory conditions, a phenomenon known as extramedullary hematopoiesis (269). In cancer, extramedullary hematopoiesis is mainly found in the liver and spleen, where HPSCs or myeloid progenitors arrive (282). In this setting, the accumulation of immunosuppressive cells, such as MDSCs, Tregs, and erythroid progenitor cells, in the spleen was found in a mouse model of breast cancer. Several reports have demonstrated that splenectomy in animals bearing tumors is associated with a decrease in the number of peripheral MDSCs cells and cytokines related to HPSCs mobilization (9, 283). In this scenario, a survival benefit was achieved due to decreased tumor growth following the splenectomy, suggesting that extramedullary hematopoiesis has a critical role in sustaining tumor growth and progression. However, in humans, a concomitant splenectomy following colon, liver, gastric, and pancreatic cancer has not shown any beneficial effects on patient’s overall survival (284). Nevertheless, owing to technical and experimental barriers, little is known about this process in humans; thus, most of the studies in this field are performed using animal models. For this reason, further research exploring the implications of extramedullary hematopoiesis in solid human tumors is required.

In solid tumors, the shift in anti-tumoral immunity towards a pro-tumoral response not only depends on the reshaping of the local tumor microenvironment by cytokines, chemokines, metabolic by-products, exosomes, or other released factors. The development of populations showing immune regulatory functions occurs in distinct and distant organs away from the primary lesion due to the systemic release of the factors mentioned above. In this setting, a considerable increase in the production of MDSCs in the bone marrow and secondary lymphoid organs and their subsequent migration to the tumor support the development of some cancer hallmarks by providing growth and angiogenic factors, cytokines, chemokines, and extracellular matrix remodeling enzymes (285) (Figure 1). In addition, these MDSCs strengthen the immunosuppressive tumor microenvironment by releasing immunomodulatory cytokines, metabolites, and other soluble factors and by expressing immune checkpoints on their surface, thus causing the recruitment of M2 macrophages, N2 neutrophils, and Tregs (286).



Cachexia in cancer-related inflammation

Advanced tumors release a spectrum of factors that induce systemic inflammation, which is reflected in paraneoplastic syndromes, such as cachexia. Cancer cachexia is a multifactorial syndrome characterized by progressive sarcopenia that may be accompanied by a loss in adipose tissue. This pathology involves a harmful protein and energy balance and an abnormal metabolism due to anorexia. Cachexia cannot be reversed entirely with nutritional support, resulting in a detriment to the quality of life of cancer patients (287). In addition, cachexia is responsible for 20–30% of deaths in patients with advanced cancer. Tumors in which cachexia may develop include pancreatic, gastric, colon, lung, Hodgkin’s and non-Hodgkin’s lymphoma, breast, sarcoma, and leukemia (288).

The cellular mechanisms that induce cachexia are not yet fully understood; thus far, it is known to be a syndrome that involves several organs and is orchestrated at the systemic level by inflammatory factors released by the tumor and its microenvironment. Although systemic inflammation is not considered in the current classification as a parameter for diagnosing cancer cachexia, several authors have considered the measurement of inflammatory markers, such as CRP and IL-6, at the blood level (289). Biswas and Acharyya (290) mentioned that factors secreted directly by the tumor and non-tumor cells of the neoplastic microenvironment can mediate cachexia and other syndromes. These factors can directly interact with various tissues, such as muscle, liver, brain, and adipose tissue, and can induce metabolic reprogramming, leading to a negative metabolic energy state at the systemic level.

As mentioned above, as tumors continue to proliferate, the lack of oxygen and nutrients induces hypoxia. Hypoxia generates critical changes, for example, the metabolic turnover of tumor cells for energy. A hypoxic microenvironment releases several factors, including VEGF (291), which induces angiogenesis and recruits inflammatory cells, such as macrophages. In addition to the above components of the tumor microenvironment, the release of DAMPs by dead cells increases inflammation and generates extra-tumoral cytokines. Another important metabolite in cancer that contributes to tumor development and results from metabolic turnover is lactate (292, 293). The hypermetabolism of tumor cells leads them to consume large amounts of glucose and excrete lactic acid, which has pleiotropic activity, is involved in energy metabolism, has an immunosuppressive function, and promotes angiogenesis (294).

Lactate in the liver is converted to glucose in a process called gluconeogenesis. The glucose generated can be utilized by both the tumor cells and the host organism, increasing blood glucose. This hyperglycemia leads to insulin resistance, which is related to muscle wasting. The relationship between the tumor and liver via lactate is called the Cori cycle and is considered as a futile cycle in cancer cachexia (292). Insulin resistance in patients with cachexia, as well as in murine models, has been associated with muscle wasting and is induced by TNF-α (295). Noguchi et al. found a high correlation between TNF-α expression in muscle tissue obtained from the intestine of cancer patients and insulin resistance and muscle wasting. After tumor resection, the patients showed complete improvement in insulin resistance (296). More recent studies using a murine model of C-26 colon adenocarcinoma cell cachexia showed that insulin resistance occurred before weight loss. In the quadriceps muscle of these mice, the expression of four muscle atrophy-promoting genes, Atrogin-1, and MuRF-1, ubiquitin ligases E3 and Bnip3, was increased (297). Systemic inflammation is also associated with skeletal muscle wasting during cancer cachexia. The ubiquitin-proteasome pathway is activated during cachexia and is responsible for the degradation of most skeletal muscle proteins. Type IIB muscle fibers in an ApcMin/+ mouse model, which produced colon polyps, were shown to be highly susceptible to IL-6-mediated muscle wasting, as it induced the overexpression of the Atrogin-1 gene (298). In mouse bladder and colorectal cancer models, increased TNF-α, IL-6, and IL-1 in circulation and decreased muscle mass were associated with high Atrogin-1 and MurRF1 expression (299).

Among the factors that tumors can release are exosomes, which may contain molecules that promote muscle wasting. In a mouse model of cachexia, a group of researchers found that cachexigenic tumors released Hsp70/90 heat shock proteins into extracellular vesicles; furthermore, they participated in muscle wasting through TLR4 activation (300). Similarly, miR-181a-3p found in exosomes from a conditioned medium of oral squamous cell carcinoma induced endoplasmic reticulum stress and skeletal muscle wasting (301). Another study showed that HMGB1 protein, a DAMP contained in the exosomes of CT26 mouse colon cancer cells, induced the expression of the Atrogin1 and MuRF1 genes, leading to muscle wasting through the activation of TLR4/NF-κB axis (302). Another factor in exosomes that promotes muscle wasting is growth differentiation factor 15 (GDF-15), identified in the exosomes of CT26 colon cancer cells. GDF-15 can interact with C2C12 myotube cells, regulate Bcl-2/caspase, and induce cell apoptosis, favoring muscle atrophy in cancer cachexia (303).

The insulin resistance and systemic inflammatory cytokines in cancer cachexia patients also impact adipose tissue (304). In adults, adipose tissue is composed primarily of white adipocytes (WAT), although brown adipocyte fat deposits (BAT) exist in specific anatomic locations, such as the perivascular viscera and periviscus. BAT can also be found in supraclavicular, axillary, and inguinal subcutaneous fat and the intestinal walls (305). The difference between WAT and BAT is that the latter contain many mitochondria expressing uncoupling protein-1 (UCP-1). This molecule “uncouples” an electron in the process of ATP synthesis via OXPHOS across the inner membrane of the mitochondrion, which generates heat (306). Virtually all fat ingested in food is stored as WAT. In states of excessive exercise or prolonged fasting, triglycerides in WAT are degraded by three lipases: adipose triglyceride lipase (ATGL), hormone-sensitive lipase (HSL), and monoacylglycerol lipase (MGL). The regulation of lipases is highly influenced by several hormones, such as insulin, catecholamines, and growth hormone (307, 308).

In cancer cachexia, various cytokines, such as TNF-α and IL-6, promote the lipolysis of triglycerides in WAT (309). Shaw and Wolfe found increased lipolysis associated with increased blood fatty acids in patients with cachexia (310), indicating that lipid metabolism is dysregulated in cachexia states. In a muscle stem cell model, as well as in models of cachexia induced by human kidney neoplasia in mice, researchers observed that the process of muscle atrophy was preceded by an increase in FA β-oxidation as well as inflammatory factors, such as IL-1 β, IL-6, IL-8, and TNF-α. In this work, blocking FA β -oxidation using a carnitine-palmitoyltransferase-1 inhibitor also blocked muscle wasting (311). Another mechanism of adipose tissue degradation is the browning of WAT. For a long time, it was believed that the function of WAT was lipid storage, while BAT was involved in heat dissipation and the regulation of temperature (312). It is now known that WAT can be converted to BAT via specific mechanisms, such as hypothermia. The browning of WAT has been associated with cachexia.

Petruzzelli et al., using several genetically engineered mouse models, observed that the browning of WAT was an event that preceded muscle wasting. They also showed that IL-6 and catecholamines increased UCP-1 expression in the WAT of these cachexic mice (312). Recently, a study in cancer patients with and without cachexia showed an association between tumor-derived factors and inflammatory changes in the adipose tissue of the cachectic patients (313), suggesting that factors released by the tumor and its microenvironment modify adipose tissue metabolism. Exosomes have been found to play an important role in adipose tissue wasting.

Exosomes derived from cell lines and the plasma of gastric cancer patients contain ciRS-133, which induces the browning of WAT (314). Exosomes derived from lung adenocarcinoma cell lines containing TGF- β were shown to inhibit adipogenesis in primary adipocyte cultures from healthy subjects (315). The miR155 in gastric cancer exosomes was shown to promote the browning of adipose tissue through the transcription factor CCAAT/enhancer-binding protein β, which upregulates UCP1 (316).

Finally, circulating inflammatory cytokines produced by the tumor microenvironment affect the central nervous system, amplifying and orchestrating the symptoms of cancer-associated cachexia and causing anorexia, fatigue, and the wasting of muscle and fat tissue. In particular, a loss of appetite has been associated with hypothalamus inflammation. The nucleus of the hypothalamus regulates energy homeostasis (290, 317, 318). Increased cytokine expression in the brain alters the neurochemistry of the hypothalamus nucleus, where cytokines activate pro-opiomelanocortin (POMC) and cocaine- and amphetamine-regulated transcript (CART) neurons, which mediate satiety and reduce food intake. The activation of these neurons induces serotonin release, suppressing appetite. In addition, cytokines are likely to inhibit neuropeptide Y (NPY) and agouti-related peptide (AgRP) neurons, which mediate appetite and energy intake. These changes in the neurochemistry of the hypothalamus result in a “resistance” to signals that inform the brain of energy deficits in the periphery. As mentioned above, adipose tissue wasting leads to the circulation of free FA, which generates a satiety signal in the hypothalamus, contributing to anorexia (290, 317, 318). On the other hand, some reports have indicated that the stimulation of the hypothalamic–pituitary–adrenal axis with IL-1 induces the release of glucocorticoids that act on skeletal muscle and accelerate protein degradation (317, 319, 320).

Cancer patients present two types of damage: that produced locally by the tumor, which can be direct damage to the organ where it is located, and immunopathological damage that occurs when the tumor and the tumor microenvironment release compounds that cause metabolic derangement and systemic inflammation, such as in cachexia. IL-1, IL-6, and TNF-α play an essential role at the systemic level as inducers of cancer cachexia (321). In the 1970s, although there was not yet a methodology with sufficient sensitivity to measure these cytokines in cancer patients and obtain consistent results, treatment with anti-TNF- and IL-6 antibodies was proven to be effective in reducing cachexia in mouse tumor models (322).

Jafri et al. proposed a cachexia index to estimate the degree of cachexia in patients with advanced non-small-cell lung carcinoma (NSCLC) and to identify which patients might respond to cancer cachexia treatment (323). This index considers albumin; the skeletal muscle index, which results from comparing abdominal and paraspinal muscle scans between the time of diagnosis and one month later; and the NLR (323). In another paper, a sarcopenia index was defined as the muscle area at the third vertebra/height2, and values of ≤ 55 cm2/m2 for men and ≤ 39 cm2/m2 for women indicated sarcopenia. This index was correlated with CRP and the neutrophil/lymphocyte ratio in patients with small-cell lung carcinoma. Sarcopenia was found to have a linear relationship with CRP (324). Finally, Barrer et al. found that the neutrophil/lymphocyte ratio was associated with weight loss in patients with colon, lung, and prostate cancer cachexia (325).

The cachexia syndrome is characterized by the metabolic dysregulation of carbohydrates, lipids, and proteins in various organs and the sympathetic activation of the nervous system. All this leads to a poor quality of life for patients, and their diminished physical condition may not be suitable for treatment. The incidence of the anorexia–cachexia syndrome is high in cancer patients, affecting the evolution of the underlying disease at the clinical level. Unfortunately, its clinical management is complex in cancer patients. Consequently, cancer patients severely compromised nutritional status and weight loss remain standard features. It is essential to recognize and treat this syndrome early, together with antitumor therapy, to prolong survival and positively influence the quality of life of cancer patients.




Concluding remarks and perspectives

During the uncontrolled growth of tumors, several inflammatory factors, including—but not limited to—cytokines, chemokines, growth factors, metabolites, and ncRNAs, are produced and released by both tumor and stromal cells. The continuous release of these factors causes impacts at the local level; their delivery into the bloodstream reaches other systems or organs, such as the liver, nervous system, bone marrow, adipose tissue, skeletal muscle, etc. In this setting, the continuous presence of these factors, in particular IL-6, IL-1, TNF-α, G-CSF, and GM-CSF, promotes cancer-associated systemic inflammation. Due to their pleiotropic activity, these molecules impact distinct subsets of cells, such as endothelial, epithelial, mesenchymal, neurologic, and hematologic cells, amplifying the inflammatory state and the clinical manifestations of the aberrant function of organs and systems, known as paraneoplastic syndromes. Paraneoplastic syndromes have detrimental effects on the patient’s quality of life and can sometimes cause their demise.

In addition, paraneoplastic syndromes can be exacerbated during the administration of cytotoxic antitumor therapies focused on eliminating tumor cells. Because advanced-stage tumors deregulate communication between the immune, endocrine, and neurological systems, a deeper we believe that, in addition to using antitumor agents, knowledge of the regulation of neuro–endocrine–immune intercommunication during cancer-associated inflammation will to could favor the development of upcoming therapies that will impact patient survival and quality of life. In support of this proposal, recent reports have demonstrated that nonsteroidal anti-inflammatory drugs may be used in cancer to reduce systemic inflammation (326). However, in clinically advanced tumors, cancer-associated systemic inflammation is dysregulated at another level; thus, these anti-inflammatory drugs would have no effect. Furthermore, the use of steroid drugs, such as glucocorticoids, could suppress the antitumor immune response, as they block the function of CD8+ effector T and NK cells (327). To address this issue, models that capture the complexity of tumor–host organ interactions will help clarify the picture and offer new therapeutic alternatives to improve patient outcomes.
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Hepatocellular carcinoma (HCC) is the major subtype of liver cancer, which ranks sixth in cancer incidence and third in mortality. Although great strides have been made in novel therapy for HCC, such as immunotherapy, the prognosis remains less than satisfactory. Increasing evidence demonstrates that the tumor immune microenvironment (TME) exerts a significant role in the evolution of HCC and has a non-negligible impact on the efficacy of HCC treatment. In the past two decades, the success in hematological malignancies made by chimeric antigen receptor-modified T (CAR-T) cell therapy leveraging it holds great promise for cancer treatment. However, in the face of a hostile TME in solid tumors like HCC, the efficacy of CAR-T cells will be greatly compromised. Here, we provide an overview of TME features in HCC, discuss recent advances and challenges of CAR-T immunotherapy in HCC.
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Introduction

Primary liver cancer, represents the sixth most commonly diagnosed cancer and the third leading cause of cancer-related mortality currently according the Global Cancer Statistics 2020, with approximately 906,000 new cases and 830,000 deaths (1). In the vast majority of cases, HCC frequently develops from cirrhosis, caused by viral (hepatitis B or C virus) and non-viral (alcoholic or non-alcoholic fatty liver disease) risk factors (2). Frustratingly, HCC is an insidious tumor often diagnosed in advanced stage. For the patients with advanced stages, the treatments of choice are usually palliative. Despite aggressive treatment regimes, including surgery, combined radio and chemotherapy, HCC patients will still experience tumor recurrence and metastasis with the death rates increasing by 2–3% per year (3, 4). Therefore, identification new factors underlying therapy resistance and novel therapeutic strategies for HCC are urgently needed.

Among patients with HCC who are diagnosed as the same TNM stage and experience similar clinical management, clinical outcomes are different, indicating that HCC is highly heterogeneous. Additionally, the complexity of heterogeneity is not only reflected in different patients, but also reflected in the disease progression and treatment courses of the individual patient (5). Recent accumulating evidence has revealed that this extraordinarily heterogeneity is closely related to TME of HCC, and contributes to the inconsistent outcome of anti-cancer therapy. Consequently, TME received considerable attention in recent years, and targeting TME is increasingly recognized as a new battlefield for HCC therapy, especially immunotherapy including vaccines, antibodies, immune checkpoint inhibitors, and adoptive cell therapy (ACT), such as CAR-T cells (6–8). CAR-T cell therapy, as the most encouraged immunotherapy, has made great strides in hematological malignancies. Meanwhile, intensive endeavors to target HCC by CAR-T has demonstrated promising efficacy with manageable toxicity and safety. The present review aims to provide a comprehensive picture of TME in HCC, discuss efforts to develop treatments by CAR-T.



Overview of TME in HCC

The tumor microenvironment is an intricate system, which comprises cellular and non-cellular components (Figure 1). The major cellular components include tumor cells, activated hepatic stellate cells, myeloid-derived suppressor cells (MDSCs), cancer-associated fibroblasts (CAFs), tumor-associated macrophages (TAMs), tumor-associated neutrophils (TANs), immune and endothelial cells (9, 10). Produced by these cells, the tumor stroma includes extracellular matrix (ECM) proteins, proteolytic enzymes, cytokines and growth factors (7). Crosstalk between cancer cells and TME has been identified to have a profound effect on cancer progression through prompting cell proliferation, survival and the ability of migration and evasion. Thus, a better understanding of the adverse TME would facilitate to develop novel therapeutic approaches for treatment of HCC in future.




Figure 1 | The tumor microenvironment of HCC. (A) TME is the cellular milieu in which the HCC cells grow. (B) Crosstalk among diverse suppressive immune cells in TME. IDO:indoleamine 2,3-dioxgenase.




Hepatic stellate cells (HSCs)

HSCs are the most principal cell players responsible for collagen synthesis in the liver and have a quiescent and an activated state, the latter being transformed from the former upon liver injury (11). Activated HSCs (a-HSCs) can produce the extensive accumulation of ECM in chronically damaged livers, leading to the development of hepatic fibrosis (12).

Although some researchers advocate that HSCs act as a tumor suppressor in HCC, the mainstream view is that HSCs in TME may facilitate tumor growth, involving tumor angiogenesis, invasion and metastasis (13). It was reported that a-HSCs strongly affect the malignant phenotype of HCC via paracrine feedback mechanisms through activating NF-κB and extracellular regulated protein kinases (ERK), two major signaling pathways in hepatocarcinogenesis (14). Another research demonstrated that HSCs can be activated under acidic condition depending on the phosphorylation of ERK1/2 and secrete osteopontin to promote HCC metastasis (15). Also, IL-6/STAT3 pathway has proven important, by which HSCs increased cancer cell viability and migration ability in HCC (16). Furthermore, Franziska and colleagues have identified that proteinase-activated receptor 2 expressed by HSCs can promote secretion and migration of pro-mitotic and pro-angiogenic factors to accelerate HCC growth (17). HSCs’ function in angiogenesis was also verified in Lin’s research (18). As elucidated by Yuta et al, in the HCC microenvironment, an increase of HSCs may be involved in tumor progression by producing GDF15 in an autophagy-dependent manner (19). In addition, mechanistic studies indicated that a-HSCs can accelerate HCC progression through miR-1246-RORα-Wnt/β-catenin axis (20). Furthermore, HSCs can indirectly affect HCC by cross talking with immune cells and impairing immune surveillance. A-HSCs have been elucidated to aggravate HCC by interacting with monocytes and macrophages, shifting them from an inflammatory to an immunosuppressive phenotype (21, 22). Li et al. provided the evidence that HSCs inhibit T cells proliferation and IFN-γ production through active TGF-β1 from a cell-surface-bound latent TGF-β1/GARP complex (23). It could also act in an autocrine fashion for HSCs to indirectly induce T cells apoptosis through upregulating expression of programmed death-ligand 1 (PD-L1) (24). Notably, HSCs can also induce regulatory T cells (Tregs) and MDSCs probably through activating COX2-PGE2-EP4 pathway provide an immunosuppressive milieu for HCC (25, 26). Clinically, it’s well evidenced that HSCs are associated with recurrence and poor survival of patients with HCC (21, 27). Collectively, previous studies unraveled the significant role of HSCs in HCC progression and presented possibilities for HSCs as therapeutic targets.



Myeloid-derived suppressor cells (MDSCs)

MDSCs, characterized by a pathological state of activation, represent a heterogeneous population of immature myeloid cells, and exert inhibitory function in antitumor immunity in patients (28, 29). Studies investigated that CXCL1/CXCR2 and CCL26/CX3CR1 axis are two important pathways that induce the homing of MDSCs to the HCC microenvironment, thereby promoting immune escape and tumor growth (30, 31). Additionally, HIF-1α exerts a critical role by recruiting MDSCs into the hypoxia region of HCC foci via mediating ENTPD2 over-expression in HCC cells (32).

As a powerful inhibitory immune modulator, infiltrated MDSCs exert versatile immunosuppressive effects in HCC by inhibiting effector T cells, reducing natural killer (NK) cells cytotoxicity, expanding immune checkpoint signaling through diverse mechanisms. Researchers have reported that MDSCs suppressed autologous T cell proliferation and activation by depleting energy resources (e.g. arginine and cysteine) (33). Interestingly, Baumann et al. identified that T cells can be stunned by MDSCs via cell-cell transfer of the metabolite methylglyoxal (34). Infiltration into tumor sites is a prerequisite for immune cells to exert anti-tumor effects. Unfortunately, it was reported that MDSCs are significantly associated with reduced tumor infiltrating lymphocytes (TILs) in HCC (35). Additionally, MDSCs can reduce cytotoxicity and cytokine release of NK cells via the NKp30 receptor (36). Mechanistic studies indicated NKT cells are also one of the targets of MDSCs to exert immunosuppressive effects by selectively suppressing the secretion of IFN-γ deriving from NKT cells (37). As such, MDSCs can allow tumor cells to evade immune surveillance by interacting with other immune cells. Evidence has shown that MDSCs promote tumor growth and are associated with diminished efficacy of immunotherapy (38, 39).



Cancer-associated fibroblasts (CAFs)

CAFs are defined as the fibroblastic type of cells in a tumor mass, which are thought to interplay tightly with cancer cells (40). As an abundant and active cell type within the TME, CAFs are mainly activated from resident fibroblasts, stellate cells, mesenchymal stem cells or mesothelial cells, but evidence from a lineage-tracing analysis is still lacking (40, 41).

Although there is no denial that CAFs may exert a tumor-suppressing function, recent emerging data has convincingly indicated the tumor-promoting effects of CAFs. In tumors, CAFs function as remodeling machine to aid the creation of a desmoplastic TME and the signaling center to participate in the crosstalk with tumor and non-tumor cells (41). Firstly, CAFs could facilitate HCC cells epithelial-to-mesenchymal transition (EMT) through the transglutaminase 2-dependent IL-6/IL6R/STAT3 pathway, and promote HCC metastasis by activating HIF1α/ZEB1 axis (42–44). Secondly, a great deal of findings reported that CAFs could accelerate tumor growth by producing epidermal growth factor (EGF), fibroblast growth factor (FGF), hepatocyte growth factor (HGF), cytokines and chemokines (45–47). An in vitro experiment demonstrated that CAFs activated by TIMP-1 markedly inhibited HCC apoptosis by upregulating BCL-2/BAX ratio via SDF-1/CXCR4 axis (48). Also, Mano et al. provided important evidence that endogenous and exogenous BMP4 play a key role in the transformation of fibroblasts to CAFs which subsequently produce large amounts of cytokines to enhance invasiveness of HCC cells (49). Notably, CAFs-mediated cellular crosstalk is another important mechanism by which they promote tumor progression. Very recently, a study revealed that CAFs-derived CLCF1 could increase the secretion of CXCL6 and TGF-β in HCC cells, which subsequently enhance stemness of cancer cells and promote TANs infiltration and polarization in autocrine and paracrine manners, respectively. Interestingly, CXCL6 and TGF-β in turn activate CAFs to express more CLCF1, thus forming a positive feedback loop that promotes tumor progression (50). Moreover, it’s well evidenced that IL-6 and SDF-1α derived from CAFs can induce MDSCs generation, which subsequently impairs T-cell proliferation and alter the phenotype and function of T cells, which create favorable conditions for HCC progression (51). Crosstalk between CAFs and other cells such as NK and dendritic cells was also reported (52, 53).



Tumor-associated macrophages (TAMs)

TAMs are termed as macrophages within the tumor stroma and play pro-tumoral or sometimes anti-tumoral roles due to the ability to acquire M1 (classic) or M2 (alternative) phenotype-depending on signals from the tumor stroma (54). The classically activated macrophages or M1-type which exert their cytotoxic function through their T cell-stimulating activity, can be induced by Th1 cytokine such as INF-γ and through Toll-like receptor 4 engagement. Unfortunately, TAMs are also polarized towards an M2 phenotype with decreased antigen-presenting ability by Th2 cytokines IL-4/IL-13, functioning immunosuppressor in the TME (54, 55).

An immunogenic analysis showed that macrophages are prone to polarize to the M2 phenotype in HCC. Patients with high presence of M2 macrophages tend to have a more aggressive phenotype (56). A great deal number of studies confirmed and extended this observation. Bartneck’s study demonstrated that immunosuppressive TAMs are abundant in the center of HCC and that CCR2+ TAMs accumulate at the highly vascularized border of tumor; In vivo experiments showed that inflammatory and angiogenic pathways are activated in CCR2+ TAMs (57). Consistently, TAMs accumulation had significant prognosis value in HCC patients (56). Mechanistically, TAMs can produce cytokines such as VEGF, EGF, platelet-derived growth factor (PDGF) to promote tumor angiogenesis, and matrix metalloproteinases secreted by TAMs can remodel TME to facilitate tumor metastasis (58). In addition, TAMs can also induce Treg cells infiltration into tumor tissue via producing cytokines and chemokines, such as IL-10, TGF-β and CCL20 (59, 60). As elucidated by Wu and colleagues, TREM-1+ TAMs promote the recruitment of CCR6+Foxp3+ Tregs through the ERK/NF-κB axis, which endows HCC with anti-PD-L1 therapy resistance (61). Kupffer cells, which are liver-resident macrophages,can inhibit CD8+ T cytotoxicity by PD-L1/PD-1 interaction and thus inhibit CD8+ T-dependent immune response (62). Hence, the role of TAMs in HCC deserves much attention and TAMs may be a promising target in the treatment of HCC. It has been verified that macrophages mediate sorafenib resistance in HCC and TAMs depletion can improve the therapeutical efficacy of sorafenib (63, 64).



Tumor-associated neutrophils (TANs)

Neutrophils, derived from the bone marrow, are the first subset of immune cells to be recruited to lesions responding against infectious and inflammatory insults (65). In TME, neutrophils infiltrating into lesions can exhibit N1 (anti-tumoral) or N2 (pro-tumoral) phenotype-depending on the presence of TGF-β (66, 67).

As one of the most abundant components in HCC, Neutrophils have been recognized to play pivotal roles in regulating cancer development. It was verified that increased intra-tumoral neutrophils are correlated strongly with decreased recurrence free survival (RFS)/overall survival (OS) and can act as an independent prognostic factor in HCC patients (68). These results were reinforced in other studies (69–71). Zheng’s and his coworkers provided evidence that neutrophils can be induced by IL-17 to migrate to tumor stroma through epithelial cell-derived CXC chemokines; Besides, high infiltration of TANs is positively associated with angiogenesis at tumor-invading border of HCC (72). They further identified that TANs also perform autophagy via the synergy of ERK1/2, p38 and NF-κB signaling axis and subsequently facilitate tumor progression by enhancing the secretion of OSM and MMP9, suggesting a regulatory loop between tumor cells and neutrophils (73). A positive feedback loop was also verified and exerts an essential function in the generation of stem-like cells in HCC (74). In addition, as the major source of c-Met ligand HGF, the accumulated neutrophils can actively promote the metastasis of HCC through the HGF/c-Met pathway. Of note, high infiltration of neutrophils in HCC determined malignant cell c-Met-associated clinical outcome of patients (75). A series of studies have shown that TANs also interact with other immune cells to exert their tumor-promoting function. The research conducted by He and colleagues has unraveled that infiltrating neutrophils express a higher frequency of PD-L1 in the presence of GM-CSF and TNF-α in TME; In turn, the PD-L1+ neutrophils effectively impaired anti-tumor immunity via suppressing the proliferation and activation of T cells through the PD-L1/PD-1 signaling axis (76). Another study came to a similar conclusion (77). These TANs could also drive HCC progression and sorafenib resistance by recruiting macrophages, Treg cells and NK cells (69, 78).



Lymphocytes

Regulatory T cells (Tregs), defined as CD4+ and CD8+ T cells with immunosuppressive function, are known for their critical role in suppressing inflammation, and thus can antagonize the anti-tumor effect of immune responses (79). Studies have shown that Tregs are the main type of tumor-infiltrating T cells in HCC, which can significantly prejudice CD8+ T cells proliferation, activation and suppress cytolytic molecule release and production of CD8+ T cells like granzymes, perforin (80). It was also evidenced that Tregs promote HCC invasion via TGF-β1-induced EMT (81). Tregs mediate sorafenib resistance, and blocking Tregs with inhibitors can overcome sorafenib resistance and increase tumor sensitivity to immunotherapy (82).

Recently, a research demonstrated that HCC tissue has a significantly higher TIM-1+ regulatory B cells (Bregs) infiltration than the adjacent benign tissue. These Bregs show a CD5highCD24-CD27-/+CD38+/- phenotype, secrete much immunosuppressive cytokine IL-10 and suppress CD8+ T cells strongly. In addition, the infiltration of Bregs is correlated with advanced disease stage, predicted early recurrence and decreased survival of patients with HCC (83). It was verified that CD40/CD154 signaling axis may be one of the pathways by which Bregs promote HCC progression (84).

Th17 cells are CD4+ lymphocytes producing IL-17. Wang’s work demonstrated that Th17 synchronically increases with Tregs and Bregs in the peripheral circulation and in tumor tissues in HCC patients. Also, further studies indicated that the production and proliferation of Th17 are promoted by tumor cells in TME mainly through cell-contact independent mechanisms (85). Furthermore, clinical studies showed that increased Th17 cells in tumor stroma are correlated with poor survival and higher postoperative recurrence, suggesting that Th17 cells may facilitate the development of HCC (86).



Tumor-associated endothelial cells (TAECs)

Endothelial cells are essential components in the process of tissue vascularization. It has been verified that migration of endothelial cells to tumor sites promotes the formation of the tumor neo-vasculature. TAECs express angiogenic surface receptors, such as VEGFR, EGFR and CXCL12, which conduct signaling through the interaction with their corresponding ligands to regulate endothelial cell survival, proliferation, mobilization, and invasion (87, 88). Compared with those in normal tissues, TAECs have accelerated cell cycle, increased ability of migration, and overexpressed CD105 and TGF-β1. TGF-β1 promotes the recruitment of CD105+ endothelial cells, thereby contributing to angiogenesis of tumor (89). CD105+ endothelial cells could make HCC resistant to chemotherapeutic drugs and angiogenesis inhibitors by increasing angiogenic activity of tumors (90).



Extracellular matrix

ECM, consisted of proteoglycans, glycoproteins and hyaluronan, is one of the major components of tumors that exert various crucial functions, including structural support, modulation of the microenvironment, and mediating intercellular communication (91). As one of the major components of TME, dysregulation of the ECM is a distinctive feature in cancer (91, 92).

Heparin sulfate, chondroitin sulfate, and keratan sulfate are the major components of proteoglycans in ECM, providing binding receptors for growth factors, cytokines, chemokines and are involved in many physiological and pathological processes (91). For example, Heparin sulfate proteoglycan (HSPG) acts as a co-receptor for binding of FGF-2 to its cognate FGF receptors, thus forming a ternary complex critical for cell proliferation and angiogenesis (93, 94). Glypican 3 (GPC3), an oncofetal HSPG anchored to the cell membrane, exhibits elevated expression in tumor cells and tumor vascular cells in HCC, and its expression correlates with a poor prognosis (95). Mechanistically, the oncogenic role of GPC3 is exerted through Wnt/β-Catenin pathway (96). SULF1 and SULF2 are two heparin-degrading endosulfatase enzymes that regulate heparin-dependent signaling in cells by altering the sulfation of HSPGs. Decreased expression of SULF1 was verified in the majority of HCC cell lines and approximately 30% of HCCs, but almost all HCC cell lines and 60% of HCC samples demonstrate elevated expression of SULF2 (97). Besides, upregulation of SULF2 predict a significant poor prognosis and higher postoperative recurrence rates (98, 99). Mechanistically, Lai et al. found that overexpression of SULF2 could enhance GPC3 expression and exert the oncogenic role by GPC3-dependent Wnt activation (99).

Collagens are the most abundant ECM proteins to support mechanical structure. Aberrant expression of collagen probably acts as a barrier for tumor metastasis, but may also promote tumor metastasis as a foothold for its movement (100). It was verified that COL1A1 is highly expressed in HCC tumor tissues compared with benign tissues and confers a survival advantage to liver cancer cells and enhances their oncogenicity (101).

Laminin, together with collagen, constitutes a component of the basement membrane. Laminin is involved in various biological activities, including cell adhesion, growth, differentiation, migration and angiogenesis (100). Laminin-5, which is not detected in normal liver, but overexpressed in HCC tissues, correlating with more proliferative and metastatic phenotypes. Together with TGF-β, Laminin-5 promotes EMT by upregulating Snail and downregulating E-cadherin in HCC (102). Also, Laminin B1 stimulates integrin-dependent focal adhesion kinase/Src proto-oncogene non-receptor tyrosine kinase signaling and supports tumor progression at the invasive front of HCC through the PDGFRα-laminin B1-keratin 19 cascade (103).

Taken together, these data provide solid evidence supporting the important role of the TME in the development of HCC and reveal the complex interaction among the components in the TME, also explain why traditional therapy fail in the treatment of HCC, and thus the development of novel therapeutic modalities is urgently needed.




Chimeric antigen receptor T cell immunotherapy

A recently-developed adoptive cell therapy is to generate tumor-specific CAR-T cells. The typical CAR is composed of an extracellular single-chain variable fragment (scFv) for recognizing antigens, a hinge region to provide flexibility, a transmembrane region and intracellular signaling domain (104). Due to the requirements of functional improvement, the intracellular signaling domain can be modified, and according to this, CAR can be divided into five generations (Figure 2). The first generation CARs only have a single signal domain CD3ζ chain for T-cell activation; The second and third generation CARs are characterized by the addition of one or two costimulatory domains, respectively; Most commonly derived from CD28 or 4-1BB, costimulatory domains endow CAR-T cells improved proliferation and persistence, enhanced cytokine secretion and increased anti-tumor cytotoxicity; The fourth generation CAR-T incorporates a costimulatory domain and inducible cytokine cassette and is termed “T cells redirected for universal cytokine-mediated killing” (TRUCK) to release the proinflammatory cytokines to activate innate immune response against the tumor and resist inhibitory components in TME, such as Tregs and MDSCs (104, 105). Recently, the fifth generation CARs, encoding a truncated cytoplasmic domain from IL-2Rβ and a STAT3-binding tyrosine-X-X-glutamine motif, together with CD3ζ and CD28 domains, were also developed. These novel CARs can activate the JAK-STAT signaling pathways in an antigen-dependent manner, which confers CAR-T cells superior persistence and antitumor effect (106).




Figure 2 | Schematic representation of the CAR structure. A CAR consists of single-chain variable fragment with a hinge, transmembrane domain, and CD3ζ (1st generation). 2nd generation and 3rd generation CARs contain one or two costimulatory molecules, respectively. Whereas the signal domain of the 4th generation CAR includes an inducible cytokine cassette. The 5th generation CAR encodes a truncated cytoplasmic domain of IL-2 receptor β with a binding site for the STAT3 to activate JAK-STAT pathway.



Compared with the traditional T cell receptor-T cells, CAR-T can specifically recognize a wide array of antigens in a non-major histocompatibility complex (MHC) restricted manner, and solve the immune escape caused by the downregulation of MHC molecules (107). Furthermore, additional genes could be introduced to modify intracellular signaling domains enabling T cells resistant to immune suppression. CAR-T therapy has shown remarkable success for hematological malignancies and received its approval by the U.S. Food and Drug Administration as gene therapy which paves the way for further extension of this approach to solid malignancies including HCC (108, 109). In present, significant progresses have been made in the preclinical models and clinical trials utilizing CAR-T cells in HCC. Next, this review discusses several CAR-T targeting different antigens currently being evaluated in HCC. The latest clinical trials on CAR-T therapy for HCC is summarized in Table 1.


Table 1 | Clinical trials in HCC using CAR-T.




GPC3

Gao and his coworkers firstly reported the experience on CAR-T cells for the treatment of HCC. They constructed the first (αGPC3-Z CAR-T) and third generation CAR (αGPC3-28BBZ CAR-T) targeting GPC3. Results indicated that both generations of CAR-T specifically lysed HCC cell lines in vitro. αGPC3-28BBZ CAR -T cells could inhibit the growth of tumor in immunodeficient mice. It is of note that the third generation CAR-T cells secreted more IL-2 and IFN-γ, which has a positive correlation with the level of GPC3 expression on HCC cells (110). Another group reached the similar conclusion that the second and third generation CAR-T had a superior performance than the first generation construct in vivo (111). They found that T cells signaling via CD28 had higher cytotoxicity than those via 4-1BB in vitro; However, CAR-T cells containing the 4-1BB costimulatory domain had better proliferative activity in vitro and in vivo, indicating that the choice of costimulatory domain might affect the behavior of CAR-T cells. In two phase I trials, 13 patients with advanced HCC received autologous GPC3 CAR-T treatment to assess the safety. Most patients experienced manageable side effects, including pyrexia, decreased lymphocyte count, and grade 1/2 cytokine release syndrome (CRS). Grade 5 CRS occurred in only one patient and none of the patients experienced grade 3/4 neurotoxicity. The OS rates at 3 years, 1 year and 6 months were 10.5%, 42.0% and 50.3%, respectively. Additionally, two partial responses (PR) were confirmed. One patient with sustained stable disease (SD) was alive after 44.2 months (112).

In order to further improve the therapeutic efficacy, Pang et al. developed CAR-T cells which express IL-7 to induce proliferation and CCL19 to enhance migration of CAR-T cells. Results showed that incorporation of IL-7 and CCL19 into CAR-T cells remarkably promoted the antitumor ability. Surprisingly, these CAR-T cells eliminated the tumor completely 30 days after intratumor injection in a patient with advanced GPC3+ HCC in a phase I clinical trial (NCT03198546) (113). Similarly, another group verified that pretreatment the tumor by a recombinant adeno-associated virus carrying the CCL19 gene (AAV-CCL19) could increase the infiltration of GPC3 CAR-T to tumor tissue and significantly prolonged the survival time of mice (114). Besides, the impact of serum GPC3(sGPC3) on CAR-T treatment is also noteworthy. sGPC3 was reported to be associated with poor prognosis in postoperative patients with HCC (115). sGPC3 can competitively bind to CARs with membrane GPC3, but fail to activate CAR-T cells effectively, thus resulting in an inhibitory effect on CAR-T cells in HCC (116). Combination chemotherapy or immune checkpoint inhibitors may provide more possibilities for GPC3 CAR-T in the treatment of HCC.



CD133

Expressed by cancer stem cells, CD133 is a pentaspan transmembrane glycoprotein. CD133 has attracted considerable attention as a potential cancer therapeutic target. Wang et al. constructed CD133-specific CAR-T cells (CD133 CAR-T) and found that CD133 CAR-T displayed distinctive lysis activity and secreted high level of cytokines targeting CD133+ cells and remarkably suppressed tumor growth in vivo. Surprisingly, high level of CAR gene copy was detectable in tumor tissue (117). Given these surprising results, they conducted a clinical trial (NCT02541370) to evaluate the antitumor effect of CD133 CAR-T cells in patients with advanced HCC. 21 patients were included and received CD133 CAR-T cells across phases I and II. Hyperbilirubinemia as the most common high-grade adverse event, this trial showed feasibility and controllable toxicities. The median OS and progression free survival (PFS) were 12 months and 6.8 months, respectively. Of 21 evaluable patients, 1 had a PR, 14 had SD for 2 to 16.3 months, and 6 progressed after T-cell infusion (118).



c-Met

c-Met is a tyrosine kinase receptor encoded by MET proto-oncogene and can binds to HGF with high affinity (119). As previously described, c-Met exerts an important role in metastasis of HCC through c-Met/HGF signaling pathway. c-Met-targeting CAR-T cells have demonstrated anti-tumor efficacy in c-Met positive several malignancies such as renal carcinoma, gastric cancer and breast cancer (120–122). Huang and coworkers constructed the second and third generation of c-Met CAR-T and evaluated their anti-tumor abilities in vitro and in vivo. They confirmed that c-Met CAR-T cells could specifically lyse HCC cells with the third generation CAR-T cells displaying more potent anti-tumor capability in vivo (123). Additionally, to weaken the influence of HCC-suppressive tumor microenvironment on CAR-T, scientists tried to design a dual CAR directing c-Met and PD-L1. In comparison with c-Met CAR-T cells or PD-L1 CAR-T cells, this dual CAR-T showed increased anti-tumor ability against c-Met+ PD-L1+ HCC cells. Moreover, improved survival persistence was observed in these dual CAR-T cells (124).



Alpha-fetoprotein (AFP)

AFP is a 70-KDa glycoprotein which is a well-established biomarker for HCC (125). In most HCC patients, AFP is detected at elevated levels and is associated with HCC progression and drug resistance (125, 126). Demonstrated by Liu et al., intratumoral administration of AFP CAR-T cells efficiently inhibited both HepG2 and AFP158-expressing tumors in vivo. Moreover, intravenous injection of AFP CAR-T cells suppressed tumor growth rapidly and profoundly in tumor-bearing mice. AFP CAR-T cells also showed potent antitumor activity in an established intraperitoneal HCC xenograft model (127).



CD147

CD147, a transmembrane glycoprotein belonging to the immunoglobulin superfamily, is upregulated in kinds of malignancies, such as non-small cell lung cancer, breast cancer, and HCC (128, 129). Its involvement in the regulation of the TME and cancer progression, suggesting its potential as a promising target in cancers (129, 130). In Zhang’s research, a novel CAR-T cell system targeting CD147 induced by Doxycycline (Dox) was developed. The supply of Dox can be terminated immediately once severe adverse events occur, in which case the expression of CD147 CAR on T-cells will return to the baseline within 24-48 hours to minimize potential toxicities of CAR-T cells (131). Similarly, researchers also developed logic-gated (log) GPC3-synNotch-inducible CD147 CAR to minimize any on-target/off-tumor toxicity. LogCD147-CAR selectively lyses dual antigen (GPC3+CD147+), but not single antigen (GPC3-CD147+) positive cells and severe toxicity was not occurred in a human CD147 transgenic mouse model (132). Currently, a phase I clinical trial (NCT03993743) is ongoing to assess the clinical response of CD147 CAR-T in patients with advanced HCC.



NK group 2 member D (NKG2D)

NKG2D, a type II transmembrane glycoprotein, is expressed on all NK cells, CD8+ T cells, some autoreactive CD4+ T cells and subsets of γδ T cells (133). Generally, NKG2D ligands (NKG2DL) are not detected on normal cells but exhibit elevated expression on tumor cells, suggesting potential targets for immunotherapy (134). In Sun’s study, the second generation human NKG2D CAR-T cells efficiently eliminated the NKG2DLs-expressing HCC cell in vitro, whereas they less efficiently killed NKG2DL-silenced or -negative cells; The subcutaneous xenograft model further illuminated that T cells expressing the NKG2D CAR effectively suppress tumor growth. Interestingly, NKG2D CAR-T cells derived from patients with HCC demonstrated anti-tumor ability and specifically eradicated NKG2DL-high HCC cells (134).



Other promising targets

At present, various other potential targets for HCC are under investigated. MUC1 is a transmembrane glycoprotein, whose aberrant overexpression is identified on the surface of diverse human malignancies (135). Immunohistochemical analysis demonstrated that MUC1 was strong positive in 70.8% of liver cancer, while absent in normal liver tissues. Functionally, MUC1 participates in the migration and invasion by interacting with the HGF/c-Met and JNK/TGF-β signaling pathway and strongly correlates with metastasis and poor prognosis of HCC (136–138). Of note, MUC1 CAR-T exhibited antitumor potential against breast cancer (139, 140). At present, a basket trial of MUC1 CAR-T is underway in several malignancies including HCC (NCT02587689)

The melanoma antigen gene (MAGE) protein family consists of type I and II proteins (141). Normally, numerous MAGE proteins are only expressed in reproduction-related tissues, but aberrant expressions are observed in various tumors including HCC (141, 142). MAGE-1 and MAGE-3 mRNA expression is identified in 68% of HCC cases, but MAGE expression was no detected in the non-tumor samples (143). Wei’s search showed that overexpression of MAGE-A9 contributes to stemness and malignancy of HCC (144). To date, MAGE CAR-T cells for the treatment of lung cancer is underway in a phase I/II clinical trial (NCT03356808). Little information is available for MAGE CAR-T in HCC.

Epithelial cell adhesion molecule (EpCAM) is a transmembrane glycoprotein (145). Immunohistochemistry analysis revealed that EpCAM is broadly expressed by HCC and normal adjacent tissues; However, its expression is upregulated in tumor tissues and associated with poor prognosis in HCC patients (146). Functionally, EpCAM can maintain the capacity for malignant proliferation, invasion and metastasis (147–149). Several clinical trials to evaluate the EpCAM CAR-T cells for the treatment of advanced HCC are carrying out (NCT05028933, NCT03013712, NCT02729493).

As a foetal glycoprotein, carcinoembryonic antigen (CEA), is not usually expressed in significant quantity after birth but can be overexpressed on the cell surface of various cancers, such as colorectal, gastric, pancreatic, ovarian and lung cancer (150, 151). Under physiological conditions, the expression of CEA is restricted to the apical surface of epithelial cells towards the lumen to avoid recognition by immune cells (151). This unique expression pattern makes CEA an attractive target for immunotherapy. Currently, clinical trials using CEA CAR-T are mainly for the treatment of liver metastasis. A phase I/II basket trial to evaluate the efficacy and safety of CEA-targeted CAR-T cells is recruiting patients with relapse/refractory CEA+ tumors including liver cancer (NCT04348643).

Tumor endothelial marker 1 (TEM1) is the prototypical member of a family of genes expressed in the stroma of tumors, cancer cells and pericytes (152). In HCC, TEM1 is mainly expressed in CAFs and its expression inversely correlates with patient prognosis (153). TEM1 also contributes to the vascular adhesion, migration and invasion of tumor cells (105, 153). Julie et al. successfully constructed a second generation CAR-T to specifically target TEM1+ cells, confirming TEM1 as an attractive target for cancer immunotherapy (154).

New York esophageal squamous cell carcinoma (NY-ESO-1), a promising cancer testes antigen, is expressed by 43.9% of cases of HCC (155, 156). Very recently, NY-ESO-1 CAR-T cells constructed by Liu et al. suppressed tumor growth and prolonged the OS of mice in breast cancer and melanoma model (157).




Challenges and strategies for CAR-T towards TME

To date, the research of CAR-T therapy for HCC is in full swing around the world. Given its exceptional success in hematological malignancies, it may be very promising as a new approach for HCC treatment in future. But before that, there are still a series of difficulties remains to be overcome. In addition to tumor antigen heterogeneity and serious adverse events, the TME plays a non-negligible role in compromising the efficacy of CAR-T in HCC (Figure 3), and scientists are making much efforts to solve these problems (Figure 4).




Figure 3 | Challenges for CAR-T cells in TME. Aberrant vasculature and extensive ECM forms the special physical barriers making it difficult for CAR-T to efficiently traffic and infiltrate towards tumor tissues. Due to aberrant vasculature and the enhanced metabolism of tumor, CAR-T cells grow in a hypoxic, acidic and nutrition-deprivation milieu. Besides, immunosuppressive cellular and noncellular components can deactivate T cells via diverse mechanisms.






Figure 4 | Strategies for CAR-T cells to overcome hostile TME. Regional delivery allows CAR-T cells to reach the tumor site directly. Inducing secretion of enzymes by CAR-T (eg. heparanase) to degrade ECM and optimizing CAR-T to express chemokines/chemokines receptors appears to remarkably improve CAR-T trafficking and infiltration. Disrupting the PD-1 expression on CAR-T cells or silencing/reversing the PD-1/PD-L1 axis can augment CAR-dependent antitumor activity. And modifying CAR-T to secrete pro-inflammatory factors may be an effective strategy against the inhibitory tumor microenvironment.



Trafficking towards and infiltration into tumor tissue is a prerequisite for CAR-T cells to exert the anti-tumor function. Different from hematological malignancies, where CAR-T can directly target malignant cells, regarding to solid tumors, CAR-T need to traffic to the tumor lesions to bind to their target, which is often greatly limited by the hostile TME. On the one hand, special physical barriers such as abundant and aberrant neovascularization, wide gap of vessel walls, extensive vascular leakage and ECM make it difficult for CAR-T to efficiently go home to tumor tissues (158, 159). Obviously, HCC that develops from liver fibrosis and cirrhosis are highly fibrotic, which hamper CAR-T to traffic and infiltrate into tumor sites physically. On the other hand, solid malignancies often secret chemokines such as CXCL1, CXCL2 and CXCL5 to impede the migration and penetration of T cells (160, 161). Theoretically, regional delivery of CAR-T can compensate for poor trafficking while reducing systemic toxicity linked with intravenous administration (162). Notably, regional delivery of CAR-T cells to treat malignant pleural diseases has proven feasible, safe and demonstrated antitumor activity in a phase I trial (163). It was reported that inducing secretion of enzymes by CAR-T cells (eg. heparanase) to degrade ECM have resulted in improved infiltration (164). As aforementioned, the addition of CCL19 in CAR-T treatment improved CAR-T cells infiltration and survival in mice (114). Besides, optimizing CAR-T cells to express the corresponding receptors of chemokines derived from tumors appears to remarkably improve CAR-T cell trafficking. In HCC, CXCR2-expressing CAR-T cells significantly accelerate trafficking and accumulation in tumor, and exhibit improved anti-tumor efficacy (165). Overexpression of other chemokines receptors such as CXCR1 and CXCR4 also provide the advantage of penetration for therapeutic T cells (166, 167).

Unfortunately, even after migration into the tumor lesions successfully, it is still harsh for CAR-T cells to survive in a hostile milieu with various immunosuppressive factors (168). Firstly, TME is characterized by hypoxia, acidosis and nutrients deprivation resulting from the enhanced glycolytic metabolism of tumor cells (105). Secondly, as previously mentioned, immunosuppressive cellular components such as MDSCs, CAFs, TAMs and Tregs can deactivate T cells via diverse mechanisms including the production of tumor facilitating cytokines and growth factors. Thirdly, immune checkpoints like PD-1 and CTLA-4 in TME can act as suppressors to compromise antitumor immunity (168). Thus, combination checkpoint blockade with CAR-T cells is considered as the next immunotherapy modality. To date, much efforts to overcome these problems has been made. Christopher et al. constructed PSMA CAR-T cells which express a dominant-negative receptor (DNR) to block TGF-β signaling, and results showed that these T cells exhibit increased proliferation, cytokine release, decreased exhaustion and long-term persistence in vivo (169). Disrupting the PD-1 expression on CAR-T cells to evade PD-1/PD-L1 pathway has proven to augment CAR-dependent antitumor activity (170, 171). Given its improved efficacy in mesothelioma, combination checkpoints antibody with CAR-T after lymphodepletion may provide more possibilities for tumor immunotherapy (163). In addition, other investigations focusing on the pro-inflammatory cytokines instead of inhibitory signals have been carried out (172, 173). It was reported that inducible expression of IL-12 in CAR-T could boost antitumor activity in HCC (172).



Conclusion

HCC is a highly heterogeneous malignant tumor. Its carcinogenesis and progression are the consequence of the interaction of multiple factors and mechanisms. The tumor microenvironment is an intricate network that plays a pivotal role in the evolution of HCC. Enhancing our knowledge of mechanisms of carcinogenesis and development in HCC will greatly benefit the exploration of novel therapeutic modalities. The success of CAR-T therapy in hematological malignancies demonstrates the potential of immunity and also bring the light of HCC immunotherapy, but more efforts are needed to improve its antitumor efficacy and safety before its widespread clinical application. Moreover, the role of TME in the treatment of HCC with CAR-T cells cannot be ignored. We are optimistic about that with the further in-depth study of cancer molecular biology and immunology, the treatment of HCC will finally usher in the dawn.
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Model AuC CA F1 Precision Recall
SVM 0.771 0.783 0.710 0.831 0.783
Random Forest 0.928 0.841 0.810 0.868 0.841
Naive Bayes 0.954 0.891 0.894 0.903 0.891
Logistic Regression 0.758 0.775 0.722 0.754 0.775
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NCT Phase Antigen CAR-T Status Sample Conditions Outcome Measures

Number Type Size (n)
NCT05123209 I GPC3 2nd Recruiting 12 LG 1 AEs 2 ORR, DOR, PFS and OS 3 Plasma o-AFP cells infusion 4
generation Persistence of CAR-T
Autologous
NCT02932956 I GPC3 N/A Recruiting 10 LC 1 DLT 2 CR or PR 3 Median T cell persistence
NCT04093648 1 GPC3 2nd Withdrawn N/A HCC 1 DLT 2 Response rate
generation
Autologous
NCT05003895 1 GPC3 N/A Recruiting 38 HCC 1 Safety and feasibility 2 OS
3 Best overall response rate
NCT04951141 1 GPC3 N/A Recruiting 10 HCC 1 AEs 2 ORR 3 OS
NCT04377932 1 GPC3 N/A Recruiting 24 Basket 1 DLT 2 Median CAR-T cell persistence
Autologous including LC 3 Best response as either CR or PR
NCT04715191 1 GPC3 N/A Not yet 24 Basket 1 DLT 2 Median CAR-T cell persistence
Autologous recruiting including LC 3 Best response as either CR or PR
NCT05103631 1 GPC3 N/A Recruiting 27 LC 1 DLT 2 Median CAR-T cell persistence
Autologous 3 Best response as either CR or PR
NCT02959151  1/II GPC3 N/A Unknown 20 Basket 1 AEs 2 Tumor response
Autologous including 3 Detection of CAR-T in the circulation
/Donated HCC
NCT03198546 1 GPC3 3rd/4th Recruiting 30 HCC 1 DLT 2 Median CAR-T cell persistence
generation 3 Best response as either CR or PR
Autologous
NCT04506983 1 GPC3 2nd Suspended 12 HCC 1 AEs 2 ORR 3 Proliferation ratio of CAR-T cells
generation
Autologous
NCT04121273 1 GPC3 2nd Recruiting 20 HCC 1 DLT 2 Evaluation of tumor size 3 Peripheral tumor marker 4
generation Number of peripheral CAR-T cell
Autologous
NCT03884751 1 GPC3 2nd Completed 9 Advanced 1 DLT, MTD and AEs 2 CAR-T expansion and persistence 3 PFS,
generation HCC ORR, OS, DOR, DCR and DOC
Autologous
NCT02715362  I/II GPC3 2nd Unknown 30 HCC 1 AEs 2 Tumor response 3 Detection of CAR-T in blood 4 Serum
generation cytokine levels
Autologous
NCT02395250 ¢ GPC3 2nd Completed 13 HCC AEs
generation
Autologous
NCT02905188 1 GPC3 2nd Active, not 9 HCC 1 DLT 2 Best response as either CR or PR
generation recruiting 3 Median CAR-T cell persistence
Autologous
NCT03980288 I GPC3  4th generation Completed 6 Advanced 1 DLT, MTD and AEs 2 CAR-T expansion
Autologous HCC 3 ORR, DCR, DOC, DOR, PFS and OS
NCT03130712 1/ GPC3 2nd Unknown 10 Basket 1 AEs 2 Tumor response
generation including 3 Serum cytokine levels
Autologous HCC
NCT05155189 1 GPC3 2nd Recruiting 20 HCC 1 AEs and limiting toxicities 2 Tumor response
generation 3 Serum cytokine levels
Autologous
NCT03146234  N/A GPC3 N/A Completed 7 HCC 1 Safety and tolerance 2 Engraftment
Autologous 3 ORR, PFS and OS 4 Time of tumor progression
NCT05070156 1 GPC3 N/A Recruiting 3 Advanced 1 AEs, cellular kinetics 2 PFS, OS, ORR, DCR, DOR and DOC 3
Autologous HCC Serum free GPC3, cytokines, CRP and lymphocyte subsets
NCT03084380 /1 GPC3 2nd Unknown 20 HCC 1 AEs 2 Overall complete remission rate
generation 3 Duration of CAR-T in circulation
Autologous
NCT05344664 1 GPC3 N/A Not yet 12 HCC AEs
recruiting
NCT02729493 I EpCAM  N/A Unknown 25 LC DCR
Autologous
NCT03013712 s EpCAM  3rd generation ~ Unknown 60 Basket 1 Toxicity profile 2 Persistence of CAR-T
Autologous including 3 Anti-tumor efficacy
HCC
NCT03672305 1 c-Met/ N/A Unknown 50 HCC 1 The efficacy of CAR-T in the treatment of HCC 2 AEs 3 The
PD-L1 Autologous amplification and persistence of CAR-T
NCT05028933 1 EpCAM N/A Recruiting 48 Basket 1 DLT, MTD and AEs 2 ORR, DCR, DOR, PFS, OS 3 Level of
Autologous including tumor cells in peripheral blood
HCC
NCT04348643  I/II CEA N/A Recruiting 40 Basket 1 AEs 2 Persistence of CAR-T 3 ORR, DOR, PFS and OS 4 Levels
including LC  of CEA, IL-6 and CRP in Serum
NCT03993743 1 CD147  3rd generation  Recruiting 34 Advanced 1 DLT, MTD and AEs 2 Activity of CAR-T cell
Autologous HCC 3 CAR-T detection in extrahepatic sites
NCT02541370 /11 CD133 N/A Completed 20 Basket 1 Occurrence of study related AEs
Autologous including LC 2 Anti-tumor responses to CAR-T
NCT03349255 1 AFP 2nd Terminated 3 Basket 1 DLT 2 Response rate 3 CAR-T cell engraftment
generation including
Autologous HCC
NCT04550663 1 NKG2D N/A Not yet 10 Basket 1 MTD and AEs 2 Monitoring 3 ORR, PFS and OS
Autologous  recruiting including
HCC

N/A, not available; AEs, adverse events; DLT, dose limiting toxicity; MTD, maximum tolerated dose; ORR, objective remission rate; CR, complete remission; PR, partial remission; PFS,
progression-free survival; OS, overall survival; DOR, duration of response; DCR, disease control rate; DOC, duration of disease control. For more information, please visit the website:
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Model AuC CA F1 Precision Recall
SVM 0.447 0.710 0.626 0.560 0.710
Random Forest 0.784 0.761 0.687 0.726 0.761
Naive Bayes 0914 0.870 0.873 0.880 0.870
Logistic Regression 0.660 0.732 0.677 0.665 0.732
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Primary Target Cell
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NK, T-, M1 macrophages, and tumor
cells
T-CD4/CD8 and NK cells
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macrophages

Monocytes, macrophages, endothelial
cells, B- and T-cells, and tumor cells
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Epithelial cells, fibroblast, platelets,
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Biological activity in cancer

Up-regulates expression of MHC-T and-1T molecules and antigen presentation. Inhibits proliferation of
tumor cells and induces necroptotic cell death.

Promotes systemic and local inflammation. Facilitates angiogenesis through activation of endothelium and
metastasis. Participates in mobilization of HSPCs in bone marrow to yield MDSCs.

Drives the activation of tumor-infiltrating CD8+ T cells.

Decreases the activity of TAM and CD8+ T cells. Induce the expression of Th2 cytokines modulating the
antitumor immune response. Induce a regulatory phenotype on NK cells by modulating DCs. Stimulates
the growth of tumor cells and cell death resistance.

Regulation of acute phase response, activation of T helper cells. Promotes the growth of tumor cells and
favors their survival. Implicated in angiogenesis.

Attraction of MDSCs into the tumor. Activation of angiogenesis. Regulation of stem cell properties.

Inhibits the expression of MHC class I and II molecules and antigen presentation in APCs and tumor cells.
Contribute to immunosuppression by hindering the effector activity NK, Th1, and CD8+ T cells. Negatively
correlates with tumor-infiltrating CD8+ IFN-v+.

Promotes proliferation and cytotoxic effect of NK cells. Enhance the anti-tumor activity of M1 and Thl
cells.

Contributes in tumor growth, metastasis and cancer-related inflammation.

Pro-inflammatory cytokine. Cooperates with IL-12 inducing IFN-y production from T helper and NK cells,
leading to NK cell activation; up-regulates antigen presentation and exhibits antiviral and antitumoral
functions. Suppress tumor growth by downregulating VEGF production within tumor.

Increase tumor cell growth, angiogenesis, and metastasis. Participates in promoting cancer-associated
inflammation.

Increase the expression of PD-1 on intra-tumoral CD8+ T cells resulting in their dysfunction and
exhaustion. Inversely correlates with the frequency of CD8+ T cells in the tumor niche. Suppress the
cytotoxic activity of NK cells. Promotes the activation of the EMT program.

Promotes DCs differentiation, in response to cytokine or inflammatory stimuli, activates the effector
functions of myeloid cells at the resolution of inflammation to promote wound healing and tissue repair.

Stimulates extramedullary hematopoiesis in the liver. Causes the differentiation of HPSCs into myeloid
precursors in bone marrow. Recruits DCs and activates Tregs and secretion of Th2 cytokines.

Chemoattractant of fibroblasts. Stimulates angiogenesis and activation of EMT.

In endothelial cells induces a mitogenic effect and resistance to cell death. Promotes apoptosis of CTLs
through Fas-FasL in tumor vasculature. Hampers the maturation of DCs.

Over-expression correlates with TGE- B, tumor growth, metastasis, and resistance to anti-tumor agents
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Calculation
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Type

Function
Relationship with
androgens
monoclonal antibody
Clinical Value

Index meaning
Prognostic value

PSMA

Integral cell-surface membrane protein
Several enzymatic functions
Upregulated with androgen deprivation

Ideal target for monoclonal antibody therapy
Neither related to clinical stage nor as diagnostic cancer marker

The values may be controversial even if effective treatment
Elevated levels predict clinical progression or clinical resistance in more than
70% cases

PSA

Secretory protein
Known function-liquefaction of semen
Decreased with androgen deprivation

Not suitable for monoclonal antibody

Useful in the clinical diagnosis and staging and an important
diagnostic biomarker

Fall to low values in response to effective treatment

Lower prognostic value
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Name Half-life (min) Production type Mechanisms

"C-choline 20 Cyclotron Cell membrane synthesis
"'C-acetate 20 Cyclotron Fatty acid metabolism
%%Ga-PSMA-11 68 Generator PSMA binding

%8Ga-RM2 68 Generator GRPR receptor binding

%8 Ga-FAPI-04 68 Generator FAP inhibitors

"8F-FDHT 107 Cyclotron Androgen receptor binding
8F-DCFPyL 107 Cyclotron PSMA inhibitor

"8F-NaF 107 Cyclotron Bone chemisorption
89Zr-PSMA-DFO 4704 Generator PSMA inhibitor

PET, positron emission tomography; "8F-FDG, "®F-fluoro-deoxy-glucose;

"8F-NaF, sodium "®F-fluoride;GRPR, gastrin-releasing peptidere ceptor;

"8FFDHT, "8F-fluorodehydrotestosterone;'8F-DCFPyL, "8F-2-(3-(1-carboxy-5-[(6- "8 F-fluoro-pyridine-3-carbonyl)-amino]-pentyl)-ureido)-pentanedioic acid; FAP,fibroblast activation
protein.
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Time Left Ventricular Echocardiography Data

LVESD LVEDD LVESV LVEDV LVPWT EF

(mm) (mm) (ml) (ml) (mm)
2020.04 38 52 61 118 8 65%
2020.10 44 55 70 130 8 36%
2020.11 45 55 72 131 8 52%
2021.03 33 48 47 110 8 57%
2021.07 26 45 31 98 8 66%

LVESD, left ventricular end systolic diameter; LVEDD, left ventricular end diastolic
diameter; LVESV, left ventricular end systolic volume; LVEDV, left ventricular end
diastolic volume; L\VVPWT, left ventricular posterior wall thickness; EF, ejection fraction.
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Dataset ID Country Number of samples GPL ID Number of rows per platform
GSE117556 UK 928 GPL14951 29,377

GSE10846 USA 420 GPL570 54,675

GSE31312 USA 498 GPL570 54,675
TCGA-NCICCR USA 489 NA 56,753

Clinical cohort China 45 NA NA

GSE, Gene Expression Omnibus Series; GPL, Gene Expression Omnibus Platform; UK, United Kingdom; USA, United States of America; NA, Not Available.
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Gene symbol

COL1A1
STEGALNACS
CAPG
LRRC15
PDPN
NEK6
PTPN14
LOX
RBPS
NRP2
DST
MSL1
GRPEL1
RCSD1
PLAC8L1
PRC1
RASAL1
LARS
SNHG7
WDR12
Pl4K2B
MMACHC
HK2
GAB1

Gene name

Collagen type | alpha 1 chain
ST6N-Acetylgalactosaminide alpha-2,6-sialyltransferase 5
Capping actin protein, gelsolin like
Leucine-rich repeat containing 15
Podoplanin

NIMA-related kinase 6

Protein tyrosine phosphatase nonreceptor type 14
Lysyl oxidase

Retinol-binding protein 5

Neuropilin 2

Dystonin

MSL complex subunit 1

GrpE-like 1, mitochondrial

RCSD domain-containing 1

PLAC8-like 1

Protein regulator of cytokinesis 1

RAS protein activator-like 1

Leucyl-TRNA synthetase 1

Small nucleolar RNA host gene 7

WD repeat domain 12
Phosphatidylinositol 4-kinase type 2 beta
Metabolism of cobalamin-associated C
Hexokinase 2

GRB2-associated binding protein 1

Datasets (HR/p-value)

GSE117556

0.763 (p < 0.001)
0.727 (o < 0.001)
0.728 (p < 0.001)
0.656 (p < 0.001)
0.656 (p < 0.001)
0.610 (p < 0.001)
0.738 (p = 0.002)
0.656 (p = 0.008)
0.754 (p = 0.006)
0.747 (o = 0.002)
0.792 (p = 0.005)
1.592 (o = 0.004)
1.797 (p < 0.001)
1.807 (o < 0.001)
1.277 (o = 0.004)
1.745 (o = 0.001)

)

)

1.368 (o < 0.001
2,088 (p = 0.001
1.238 (0 =
1.812 (o = 0.001)
1.637 (o = 0.004)
1.430 (o < 0.001)

)

)

1.320 (p = 0.004)
1.277 (p = 0.008)

GSE31312

0.043 (p = 0.009)
0.184 (p = 0.009)
0.145 (p < 0.001)
0.166 (p = 0.001)
0214 (p = 0.005)
0.205 (p = 0.004)
0.183 (p = 0.002)
0.161 (p = 0.001)
0215 (p = 0.001)
0.237 (p = 0.003)
0.042 (p < 0.001)
12.721 (p < 0.001)
4534 (p = 0.008)
8.005 (p < 0.001
5.033 (p = 0.001
3.910 (p = 0.005)
3.056 (p = 0.007)
5.419 (p = 0.007)
4.498 (p = 0.00:
8.049 (p = 0.001
3.868 (p = 0.004)
5.033 (p = 0.009)
4.455 (p < 0.001
2634 (p = 0.007)

=

)
)
)
)
)
)
)
)
)
)
)

GSE10864

0.829 (p = 0.004)
0.796 (p < 0.001)
0.793 (p < 0.001)
0.790 (p < 0.001)
0.841 (p < 0.001)
0.660 (p < 0.001)
0.813 (p < 0.001)
0.862 (p < 0.001)
0.870 (p = 0.005)
0.773 (p = 0.003)
0.748 (p = 0.001)
1.459 (o = 0.002)
1.877 (p < 0.001)
1.300 (o < 0.001)
1.449 (o < 0.001)
1.330 (o = 0.001)
1.220 (o = 0.001)
1.599 (o < 0.001)
1.439 (o < 0.001)
1.526 (o = 0.009)
1.537 (o = 0.006)
1.770 (o < 0.001)
1.438 (o < 0.001)
1.235 (o = 0.008)
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Time Serological Markers

CEA (ng/ml) NSE (ng/ml) SCC (ng/ml) CYFRA21 (ng/mi)

2020.04 60 13.51 0.8 4.89
2020.10 5.98 7.20 0.8 3.67
2020.11 7.69 8.56 0.9 3.84
2021.03 9.94 7.08 0.6 3.62

2021.07 o B 4 6.65 08 366
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Genes

Forward

Reverse

GAPDH
B-catenin
CyclinE
CDK2
Nanog
SOX2
HIF-1o0

5'-CCTGGAGAAACCTGCCAAGTAT-3'
5'- TCTGCGAACTTGCTCAGGAC -3’
5'- TCCGCTTACTAGAAGTGTTTGT -3’
5'- AGCTCTGCTTGCGTTCCAT -3

5'- TTAAGCTGTCTGGTCCGAGG -3’
5'- AGTGGTACGTTAGGCGCTTC-3
5- GGAGTACGTGAGGCATGTTGA-3

5-TAGCCCAGGATGCCCTTTAGT-3
5'- GAACTGGTCAGCTCAACCGA -3’
5'- TGTGGAAGGATAGCGATTGGG-3'
5’- ACGTGCCCTCTCCAATCTTC -3’
5'- CTGAGAGAACACAGTCCGCA -3
5'- ATCGCCCGGAGTCTAGTTCT-3'
5- CCGTCGGTCAGACCAGAAAA -3
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