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Chemoresistance is the primary reason for the poor prognosis of patients with ovarian cancer, and the search for a novel drug treatment or adjuvant chemotherapy drug is an urgent need. The tumor microenvironment plays key role in the incidence and development of tumors. As one of the most important components of the tumor microenvironment, M2 tumor-associated macrophages are closely related to tumor migration, invasion, immunosuppressive phenotype and drug resistance. Many studies have confirmed that triptolide (TPL), one of the principal components of Tripterygium wilfordii, possesses broad-spectrum anti-tumor activity. The aims of this study were to determine whether TPL could inhibit the migration and invasion of A2780/DDP cells in vitro and in vivo by inhibiting the polarization of M2 tumor-associated macrophages (TAMs); to explore the mechanism(s) underlying TPL effects; and to investigate the influence of TPL on murine intestinal symbiotic microbiota. In vitro results showed that M2 macrophage supernatant slightly promoted the proliferation, invasion, and migration of A2780/DDP cells, which was reversed by TPL in a dose-dependent manner. Animal experiments showed that TPL, particularly TPL + cisplatin (DDP), significantly reduced the tumor burden, prolonged the life span of mice by inhibiting M2 macrophage polarization, and downregulated the levels of CD31 and CD206 (CD31 is the vascular marker and CD206 is the macrophage marker), the mechanism of which may be related to the inhibition of the PI3K/Akt/NF-κB signaling pathway. High-throughput sequencing results of the intestinal microbiota in nude mice illustrated that Akkermansia and Clostridium were upregulated by DDP and TPL respective. We also found that Lactobacillus and Akkermansia were downregulated by DDP combined with TPL. Our results highlight the importance of M2 TAMs in Epithelial Ovarian Cancer (EOC) migration ability, invasiveness, and resistance to DDP. We also preliminarily explored the mechanism governing the reversal of the polarization of M2 macrophages by TPL.
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Introduction

Ovarian cancer is the leading cause of death among all gynecological malignances, and chemoresistant ovarian cancer is the principal cause of poor healing in patients (1, 2). Considering the shortcomings of current treatment modalities for ovarian cancer, including cytoreductive surgery and platinum-taxane combined chemotherapy, it is of paramount importance to develop novel strategies to treat this disease.

The occurrence and development of drug-resistant ovarian cancer is a complex and multifactorial process, involving the tumor microenvironment (3), matrix metalloproteinases (4), the epithelial-mesenchymal transition (5), and autophagy (6). Of these, the tumor microenvironment is closely related to tumor invasion and metastasis, and significantly affects the efficiency and effectiveness of tumor treatment (7). The tumor micro- environment is composed of tumor cells, the surrounding tissue fluid, cytokines, and stromal cells, including various immune cells, fibroblasts, endothelial cells, pericytes, platelets, and macrophages (8). Tumor-associated macrophages (TAMs) represent an important component of the tumor micro- environment and can be divided into M1 and M2 types (9). A large number of studies have shown that M2 TAMs promote the occurrence and development of tumors by secreting vascular endothelial growth factor (VEGF), which then participates in angiogenesis. Further, matrix metalloproteinases (MMP2, MMP9), which promote tumor invasion and metastasis (10, 11), are significantly related to a poor tumor prognosis (pancreatic cancer) (12, 13). Notably, the activation of the PI3K/AKT/NF-κB-signaling pathway is conducive to M2 macrophage polarization and is involved in tumor progression and resistance to chemotherapy (14).

The intestinal microbiota constitutes the body’s normal intestinal microorganisms and is closely related to human health (15). Indeed, imbalance of the intestinal microbiota can lead to various diseases such as inflammatory bowel disease (16), obesity (17), diabetes (18), and even cancer (19). In recent years, there has been increasing interest in the relationship between the intestinal microbiota and tumors in the context of tumor treatment (20). Studies have indicated that the intestinal microbiota can mediate significant anti-tumor effects via modulating inflammationand restore immune functions (21). In this context, chemotherapy leads to dysregulation and damage to the intestinal microbiota, which is characterized by a reduction in beneficial lactic-acid-generating bacteria, such as Enterococcus and Bifidobacterium, and by an increase in the pathogens Escherichia coli and Staphylococcus (22, 23). For example, an imbalance in the intestinal microbiota reduces the effect of anti-PD1 treatment on patients with advanced cancer. The use of antibiotics can reverse this phenomenon by increasing the relative abundance of Akkermansia muciniphila (24), which can regulate the thickness of the intestinal mucosa and maintain the integrity of the intestinal barrier (25). Although no link has been reported between the gut microbiome and immunity in ovarian cancer patients, Studies have showed that when mice receive antibiotic treatment, the progression of xenograft ovarian tumors was delayed (26). Although there are reports that Traditional Chinese Medicine can treat diabetes (27), obesity (28), and colitis (29) by regulating the intestinal microbiota, the relationship between anti-tumor Traditional Chinese Medicine and the intestinal microbiota has not yet been reported. Here, we hypothesized that the effect of TPL on drug-resistant ovarian cancer may be related to its ability to improve the relative abundance of intestinal microbiota.

We previously showed that triptolide (TPL), one of the primary active ingredients of Tripterygium wilfordii, which is a Traditional Chinese Medicine that has been reported to be therapeutically efficacious in rheumatoid arthritis, inhibited the growth, invasion, and migratory capability of drug-resistant ovarian cancer cells (30) and reversed the resistance of ovarian cancer cells to cisplatin by inhibiting the phosphorylation of AKT (31). In this study, drug-resistant ovarian cancer cells (A2780/DDP) were used to investigate whether TPL inhibited the invasion and migration of drug-resistant ovarian cancer by inhibiting the polarization of M2 TAMs through the PI3K/AKT/NF-κB signaling pathway, and to explore the relationship between TPL and the intestinal microbiota.



Materials and Methods


Cell Lines and Culture

The human ovarian cancer cell line A2780/DDP (purchased from the Cell Bank of the Chinese Academy of Sciences, Shanghai, China) was cultured in RPMI 1640 medium (Gibco Life Technologies, Grand Island, NY, USA) supplemented with 10% fetal bovine serum (FBS) (Biological Industries, Israel), 0.2 µg/mL cisplatin (Hansoh Pharma, China), and 100 U/mL penicillin/streptomycin (Solarbio, China). The human acute leukemia mononuclear cell line THP-1 (Procell Life Science & Technology Co., Ltd.) was cultured in RPMI-1640 medium containing 10% FBS and 100 U/mL penicillin/streptomycin (Solarbio, China) in a 37°C incubator containing 5% CO2.


Morphological Observations

Cells in the logarithmic growth phase were seeded in a 6-well plate at a concentration of 5 × 105 cells/well. After 24 h of incubation, A2780/DDP cells were treated with varying concentrations of triptolide (TPL) (J&K Scientific Ltd, Cat. no.: T2899) (0, 6.25, 12.5, 25, 50, and 100 nM). After 24 h of treatment, we observed the growth and morphological changes of the cells under an inverted phase-contrast microscope (Olympus, Japan).



CCK8 Cytotoxicity Assay

We used the CCK8 assay to evaluate the inhibitory effect of TPL on A2780/DDP cells. We seeded 100 µL of A2780/DDP cells (105 cells/mL) into 96-well plates and conducted a control culture or treatment with varying concentrations of TPL (6.25, 12.5, 25, 50, and 100 nM) for 24 h. We added 10 μL of CCK-8 solution to each well and incubated the wells for 1 h. The optical density of each well was measured at 490 nm using a Microplate Reader (Molecular Devices, CA, USA).




In Vitro TAM Model

The in vitro TAM model was generated as follows. Briefly, THP1 cells (5 × 105 cells/mL) were differentiated using 200 nM phorbol 12-myristate 13-acetate (PMA) (32) (Solarbio, Cat. no.: p6741) for different time-periods (0, 24, 48, 72, and 96 h); we observed the changes in cellular morphology under an inverted phase-contrast microscope. Differentiation of PMA-treated cells was enhanced after the initial 3-d impetus by removing the PMA-containing medium and then incubating the cells in fresh RPMI 1640 with 20 ng/mL recombinant human IL-4 (PeproTech, Cat. no.: 200-04] and 20 ng/mL recombinant human IL-13 (PeproTech, Cat. no.: 200-13) for different time-periods (0, 24, 48, and 72 h) The complete medium was then replaced and cultured for another 2 days, and the supernatant was collected for subsequent experiments.


Enzyme-Linked Immunosorbent Assay (ELISA)

We measured cytokine production in TAM supernatants using commercially available ELISA kits (IL-10, IL-12) according to the manufacturer’s instructions (Beijing 4A Biotech Co., Ltd).



Cell Proliferation Assay

TPL was diluted in cell culture supernatant to different concentrations (Co-c, 6.25, 12.5, 25, 50, and 100 nM, where Co-c refers to the cell supernatant collected above). We then measured the proliferative capability of A2780/DDP cells in the various groups treated with different concentrations of TPL for 24 h using the commercially available Cell-Light EdU Apollo567 in vitro kit according to the manufacturer’s instructions (RIBOBIO).




Transwell Migration and Invasion Assay

We used a 24-well Boyden chamber (with 8-μm pore size; Corning Costar, USA) for the transwell migration assay. A2780/DDP cells (3 × 104 or 6 × 104) were loaded into the top of the 24-well migration chamber in 200 µL serum-free medium, and 700 µL of RPMI 1640 medium containing 20% FBS was added to the lower chamber to induce cell migration. Cells were incubated with a range of TPL concentrations (0, 6.25, 12.5, 25, 50, and 100 nM), or different concentrations of TPL (0, 6.25, 12.5, 25, 50 and 100 nM) diluted with cell culture supernatant or control in an incubator for 72 h. The cells that migrated into the lower surface of the filter were fixed with 4% paraformaldehyde for 20 min, washed 3 times with phosphate buffered saline (PBS), and then stained with 0.1% crystal violet solution for 30 min. Photomicrographs (100 ×) were taken with an Olympus IX51 (Olympus Optical, Melville, NY, USA) inverted microscope and three visual fields were counted. The sterile Borden chamber was also used for invasion measurements. BD Matrigel (BD Biosciences, USA) was placed in a −4°C refrigerator overnight before commencing the experiment. We placed the pipette tip and Boyden chamber in a refrigerator at −4°C 30 min before the start of the experiment, at which point the BD matrix liquified. We then diluted the BD matrix with serum-free RPMI 1640 medium at a 1:9 ratio. When the upper chamber had been pre-coated with Matrigel, we performed operations similar to the above migration analysis.


Extracellular Matrix-Adhesion Assay

A2780/DDP cells were seeded in 6-well plates, treated with different concentrations of TPL (0, Co-c, 6.25, 12.5, 25, 50, and 100 nM) and then transplanted to 12-well plates (1 × 105 cells/well). The cells were cultured in an incubator at 37°C in an atmosphere of 5% CO2 for 3 or 6 h before adding the culture solution, and the unattached cells were aspirated at five replicates per group. The 6-well plate was washed twice with PBS, and all cells were collected after treatment with trypsin. We counted the number of cells to calculate the cellular adhesion rates using the following formula: cell adhesion rate = (cell adhesion number/total cell number) × 100%. All experiments were performed in triplicate.




In Vivo Experiment


Establishment of the Xenograft Tumor Model

The A2780/DDP cells were cultured, and the densities were adjusted to 1 × 107 cells/mL. We used inbred female BALB/c nude mice at 6 weeks of age and weighing 15–20 g that were raised under strict Specific Pathogen Free (SPF) conditions; all mice were provided with free access to water and chow. We then extracted 0.1 mL of cell suspension (containing 1 × 106 cells) and inoculated the cells into the axilla of the mice using a 1-mL syringe. The control group (i.e., animals without cell injection) was created by administration of 0.1 mL of normal saline to the stomach once every 2 days for a total of 10 times. The tumor model (M) group was administered in the same manner as the control group. The cisplatin (DDP) treatment group was administered 4 mg/kg/d cisplatin intraperitoneally on days 1 and 8. The TPL treatment group received 0.15 mg/kg/d of triptolide diluted to a final volume of 0.1 mL with normal saline, and the drug was administered to the abdominal cavity once a day for 14 days. In addition, the TPL + DDP group was administered the combination of 0.15 mg/kg/d TPL to the abdominal cavity once a day for 14 days and 4 mg/kg/d DDP to the abdominal cavity on days 1 and 8.



Tumor Growth in Nude Mice

Following the establishment of our model, tumor volumes were measured by Vernier calipers every 2 days and tumors were photographed. On the 15th day, three mice in each group (except for the control group) were euthanized; their tumors were excised and frozen at −80°C. The tumors were then weighed, and the tumor inhibition rate was calculated. The remaining nude mice were used to generate survival curves to evaluate the survival of tumor-bearing mice.



Immunohistochemistry

After fixation, tumor tissues were embedded in paraffin, and tissues sections were cut at a 5-μm thickness and rehydrated in xylene (Sigma Cat. no.: 247642) and descending concentrations of 75% ethanol for 5 min, and then washed 4 times using PBS (5 min for each wash). Sections were incubated in 3% horse serum to block nonspecific binding. Sections were then incubated with anti-CD206 (Proteintech, Cat. no.: 18704-1-A P) and anti-CD31 (Affinity Biosciences, Cat. no.: AF6191 antibodies overnight at 4°C. Primary antibodies were detected by appropriate secondary antibodies; e.g., goat anti-rabbit secondary antibody (1:200; Servicebio, Cat. no.: GB23303) or goat anti-mouse secondary antibody (1:200; Servicebio, Cat. no.: GB23301).



Western Blotting

Cells were lysed on ice with Radio Immunoprecipitation Assay (RIPA) buffer containing 1 mM Phenylmethylsulfonyl fluoride (PMSF) to inhibit proteolysis. Equal amounts of proteins were separated by 10% SDS-PAGE and transferred onto polyvinylidene fluoride membranes (PVDF). The PVDF membranes were incubated with rabbit anti-MMP2 (1:1000; Proteintech, Cat. no.: 10373-2-AP), rabbit anti-Arg-1 (1:1000; CST, Cat. no.: 93668T), rabbit anti-MMP9 (1:1000; Proteintech, Cat. no.: 10375-2-AP), rabbit anti-VEGF (1:1000; Proteintech, Cat. no.: 19003-1-AP), rabbit anti-p65 (1:1000; Proteintech, Cat. no.: 10745-1-AP), rabbit anti-p-p65 (1:1000; CST, Cat. no.: 3033S), anti-AKT (1:1000; Proteintech, Cat. no.: 10176-2-AP), mouse anti-p-AKT (1:1000; Proteintech, Cat. no.: 66444-1-Ig), and mouse anti-β-actin (1:5000; Proteintech, Cat. no.: 60008-1-Ig) primary antibodies overnight at 4°C after blocking with 5% skim milk. Membranes were incubated with secondary antibodies for 2 h at room temperature, and proteins were visualized with an Ultra High Sensitivity ECL Kit.



High-Throughput 16S rDNA Gene-Amplicon Analysis

To elucidate the effects of TPL on the intestinal microbiota in nude mice, we collected fecal samples from the control (C) (n = 8), tumor model (M) (n = 7), DDP (n = 7), TPL (n = 7), and DDP + TPL (n = 7) groups for high-throughput sequencing. Paired-end reads from the original DNA fragments were handled using Cutadapt (version 1. 9. 1, http://cutadapt.readthedocs.io/en/stable/) and the UCHIME Algorithm (http://www.drive5.com/usearch/manual/uchime_algo.html). We subsequently performed sequence analysis using the UPARSE software package (version 7.0.100), and sequences with ≥ 97% sequence identity were assigned to the same operational taxonomic units (OTU). Qiime software (version 1.9.1) was used to analyze the diversity (within samples—indices of observed-OTUs, Chao1, Shannon, Simpson, ACE, and goods-coverage) and β diversity (among samples—PCA, principal coordinates analysis [PCoA], and NMDS). Cluster analysis was preceded by weighted UniFrac distancing using QIIME software (version 1.8.0), and partial least-squares discriminate analysis (PLS-DA) was performed using SIMCA-P software version 11.5 (Umetrics; Sartorius Stedim Biotech). The resulting high-throughput sequencing data have been uploaded to NCBI, with GenBank accession number PRJNA673986.



Statistical Analysis

All statistical analyses were performed using Prism 7 (GraphPad). The log-rank test and 1- or 2-way analysis of variance (ANOVA) followed by Tukey’s multiple-comparison test were used in all studies, as noted in the figure legends. Data are presented as mean ± standard deviation (SD). Statistical significance was defined as *P < 0.05, **P < 0.01, and ***P < 0.001.



Ethics Statement

This study was approved by the Ethics Committee of Nanchang Royo Biotech Co. Ltd (RYE2019062702), and all studies were conducted according to approved guidelines.





Results


TPL Inhibits the Survival, Migration, and Invasion of A2780/DDP Cells

The A2780/DDP cell line is a cisplatin-resistant human epithelial ovarian cancer cell line. In the current study, to examine the response of A2780/DDP cells to TPL, we used a series of different concentrations of TPL. After 24 h, the morphological changes of the cells were analyzed, as shown in Figure 1A. As the concentration of TPL increased, the cell density gradually decreased, and the cellular debris increased commensurately. We also performed a CCK8 cytotoxicity assay to evaluate the effect of TPL on the survival rate of A2780/DDP cells. We found that as the TPL concentration gradually increased, the optical density value was gradually reduced (Figure 1B), with the IC50 for TPL at 18.26 nM. Next, we used transwell invasion and migration experiments to investigate the effect of TPL on the migratory and invasive capabilities of A2780/DDP cells (Figure 1C, D). Compared to the control group, as the concentration of TPL increased, the migratory and invasive capabilities of the cells were gradually reduced in a dose-dependent manner. These data suggest that TPL can significantly inhibit the survival of A2780/DDP cells and downregulate the migration and invasion of tumor cells.




Figure 1 | Triptolide (TPL) inhibits the survival, migration, and invasiveness of A2780/DDP cells. (A) A2780/DDP cells were treated with different concentrations of TPL for 24 h and photographed (× 100 magnification). (B) A2780/DDP cells were treated with a range of concentrations of TPL for 24 h to examine cellular survival. (C,D) Transwell migration and invasion assay of A2780/DDP cells after treatment with increasing concentrations of TPL (× 100 magnification). *P < 0.05, **P < 0.01, and ***P < 0.001.





Establishment of the TAM Model In Vitro

We next established a TAM model in vitro. We seeded acute mononuclear leukemia cells (THP-1) in their logarithmic growth phase in a 6-well plate at 1 × 106/mL and treated the cells with 200 ng/mL PMA for 24 h, 48 h, or 72 and 96 h. When we observed their cellular morphology (Figure 2A), we found that the cells were in a circular suspension state with almost no cellular attachment without PMA. However, after adding 200 ng/mL PMA as an inducer, in addition to extending the induction time, the proportion of adherent cells increased. After 72 h of induction, we uncovered the largest number of adherent cells, irregular shapes, and obvious filopodia. At this time, the irregular cells were M0 unpolarized macrophages. To induce polarization of M0 macrophages to form M2 macrophages, after 72 h of PMA treatment, we changed the complete medium containing 20 nM recombinant human IL-4, and 20 nM recombinant human IL-13, and continued to culture cells for 24 h, 48 h, and 72 h. Next, we detected the concentrations of IL-10 and IL-12 in the cell culture supernatant using the Human IL-10/IL-12p70 ELISA kit (Figures 2B, C). Compared to the THP-1 cell culture supernatant, IL-4 and IL-13 induced high levels of IL-10 in the cellular supernatant 48 h after treatment, but IL-12 did not. Significant differences are shown at the different time-points. Subsequently, we collected the above treatment group cell extraction and determined the total expression of Arginine Protease 1(Arg-1) protein (Figures 2D, E). Compared to THP-1 cells, the longer the cells were incubated with IL-4 and IL-13, the higher the expression of Arg-1 protein. We found an interesting phenomenon in that the level of Arg-1 did not increase when the incubation time was longer than 48 h to 72 h, which we speculated might be related to the depletion of cell culture medium nutrients. These results indicate that the M2 tumor-associated macrophage model was successfully established.




Figure 2 | Establishment of a tumor-associated macrophage (TAM) model in vitro. (A) THP-1 cells were treated with 200 nM PMA for different time-periods (× 100 magnification). (B, C) THP-1 cells were transformed into M0 TAMs after PMA treatment, and were then treated with IL-4 and IL-13 for varying durations. Cell supernatants were extracted for ELISA to determine IL-10 and IL-12 levels. (D, E) The expression and quantitative analysis of Arg-1 protein in cells after the above treatment groups. The above results indicated that we successfully obtained M2-type macrophages after the above treatment. *P < 0.05, **P < 0.01.





TAM Cell Supernatant Slightly Improves the Proliferative, Migratory, and Invasive Potentials of A2780/DDP Cells, Which Can be Reversed by TPL

To ascertain the actions of M2 TAMs on the biological behavior of A2780/DDP cells, we extracted supernatant from the M2 TAMs and used it to dilute TPL to various concentrations (Co-Culture [Co-C], 6.25, 12.5, 25, 50, and 100 nM). To first determine the effect of different concentrations of TPL on the proliferative ability of A2780/DDP cells, we implemented a cell proliferation assay, the results of which are shown in Figures 3A, B. We found that compared to the control group (cells treated with complete medium), the proliferative rate of A2780/DDP cells in the Co-C group was slightly increased; however, the cell proliferation rate gradually decreased commensurately with increasing TPL concentration. We next performed a transwell experiment to assess the effect of TAM supernatant on the migratory and invasive abilities of A2780/DDP cells (Figures 3C–E). The result of the transwell experiment was similar to that of the EdU experiment, with the number of A2780/DDP cells passing through the membrane found to be the largest in the Co-C group. However, as the concentration of TPL increased, the number of cells passing through the cell membrane gradually decreased in a dose-dependent manner. We also performed extracellular matrix-adhesion experiments, the results of which are shown in Figure 3F. We found that although there was no significant difference in the number of adherent cells in each treatment group 3 h after seeding, compared to the control group, the number of adherent cells in the co-culture group was slightly increased. We also found that as the concentration of TPL increased, the number of adherent cells showed a tendency to decrease (similar results at 6 h). Taken together, the above results indicate that TAMs can slightly improve cellular proliferation, migration, and invasion, and that TPL inhibits the proliferative, migratory, and invasive capabilities of A2780/DDP cells.




Figure 3 | Tumor-associated macrophage (TAM) cell supernatant slightly improves the proliferation, migration, and invasiveness of A2780/DDP cells, but triptolide (TPL) reverses these effects. (A) TPL was diluted to varying concentrations with TAM cell supernatant, and then added to A2780/DDP cells; cell proliferative ability was measured 24 h later. (B) Quantitative analyses of the proliferative capacity of A2780/DDP cells are shown in (A). (C) Representative transwell migration and invasion assay of A2780/DDP cells after treatment with TPL. (D, E) Quantification of migratory and invasive capacities of A2780/DDP in (C). *P < 0.05, **P < 0.01, and ***P < 0.001. (F, G) Representative extracellular matrix-adhesion experiment using A2780/DDP cells treated with different concentrations of TPL for 3 or 6 h. *P < 0.05. ns, no significance.





TPL May Inhibit the Polarization of M2-Type TAMs Through the Inhibition of the PI3K/AKT/NF-κB Signaling Pathway

We shifted to using an in vivo experiment to further study the effect of TPL on drug-resistant ovarian cancer. DDP, TPL, or DDP + TPL was administered intraperitoneally to tumor cell-implanted mice to evaluate the effects on tumor growth and survival time. As shown in Figures 4A, B, compared to the control group, both DDP and TPL inhibited tumor growth (as shown by the reduction in tumor weight). The combination of DDP + TPL not only exerted the optimal inhibitory effect on tumor growth, but also significantly prolonged the survival time of tumor-bearing mice (Figure 4C). Our immunohistochemical results also showed that the expression of CD206 and CD31 was significantly inhibited by DDP + TPL (Figure 4D). Therefore, we posit that DDP + TPL effectively reduced the number of M2 macrophages in tumor tissues, and that TPL inhibited the expression of the vascular marker CD31, inhibiting angiogenesis in tumor tissues. Western blotting experiments showed that TPL, DDP, and DDP + TPL downregulated the levels of MMP-9, MMP-2, VEGF, p-PI3K, p-AKT, and p-P65 (Figures 4E, F). The above data showed that DDP + TPL can inhibit tumor invasion and migration, potentially by inhibiting the polarization of M2 macrophages through the PI3K/AKT/NF-κB- signaling pathway in vivo.




Figure 4 | Triptolide (TPL) inhibition of the polarization induction of M2-type macrophages may be accomplished by inhibiting the PI3K/AKT/NF-κB pathway. (A) Images of tumors in the M, DDP, TPL, and DDP + TPL groups on day 15. (B) Weights (n = 3) of tumors in different treatment groups. (C) Kaplan–Meier survival curves of model mice bearing ovarian cancer after the intraperitoneal administration of TPL or DDP (n = 5). (D) Representative immunohistochemical expression of CD206 and CD31 in tumor tissues of different treatment groups. (E, F) Relative expression of MMP9, MMP2, VEGF, p-PI3K, PI3K, p-AKT, p-p65, AKT, and p65 in tumor tissues. *P < 0.05, **P < 0.01.





Effects of DDP and TPL on the Intestinal Microbiota

We next used high-throughput sequencing methods to investigate the effects of DDP and TPL on the intestinal microbiota of tumors in nude mice after ovarian cancer xenografts. A total of 14,826,581 filtered clean tags (411,849.5 tags/sample) and 15,807 OTUs were obtained from all the samples, with an average of 3161.4 OTUs per group (data not shown). Chao1 and observed species indices represent community diversity, while Shannon and Simpson indices represent total species; these indices were then used to evaluate the influence of DDP and TPL on the alpha diversity of the intestinal microbiota. We observed no significant changes in microbial abundance between different treatments (Figure 5A). Compared to the M groups, DDP significantly reduced microbial diversity, while TPL and DDP + TPL significantly improved the microbial diversity (Figure 5B). When analyzed using the Venn diagram method, 359 common OTUs were identified from all groups, and the unique OUT numbers in C, M, DDP, TPL, and DDP + TPL were 1039, 362, 360, 977, and 239, respectively (Figure 5C). PCoA analysis showed that dots were clustered in the TPL group and relatively dispersed in the DDP + TPL group. In addition, samples in the C and M groups manifested a close proximity, but remained far from the DDP group, indicating that the microbial diversity in the DDP group was obviously different from that in either the C or M group (Figure 5D).




Figure 5 | Effects of DDP and triptolide (TPL) on the intestinal microbiota of the tumor model. (A) The Simpson index, (B) the Shannon index, and (C) Venn map representing OTUs; (D) PCoA of the β diversity index. Data are presented as mean ± SD. One-way repeated-measures ANOVA with Tukey’s test used for multiple comparisons (A–D, respectively). These results indicated that DDP and TPL significantly altered the microbial compositions of nude mice.*P < 0. 05, **P < 0.01.



Next, when we selected the relatively abundant microbiota in the gut microbes of nude mice for analysis, our results indicated that the tumor model significantly increased the relative abundance of Sutterella (Figure 6D). Compared to the M group, treatment with DDP greatly increased the relative abundance of Akkermansia (Figure 6A) and reduced the relative abundances of Lactobacillus and Adlercreutzia (Figures 6B, E). Furthermore, treatment with TPL greatly increased the relative abundances of Flexispira, Clostridium, and Oscillospira (Figures 6F–H), and reduced the relative abundances of Sutterella and Adlercreutzia (Figures 6D, E). Intriguingly, although we noted few microbial changes in Akkermansia, Bacteroides, Adlercreutzia, Flexispira, Clostridium Oscillospira, or Mucispirillum between the M and DDP + TPL groups (Figures 6A, C, E–I), DDP + TPL reduced the relative abundances of Lactobacillus and Akkermansia (Figures 6B, D).




Figure 6 | Influence of DDP and triptolide (TPL) on the abundances of different intestinal microbiota. The relative abundances of Akkermansia (A), Lactobacillus (B), Bacteroides (C), Sutterella (D), Adlercreutzia (E), Flexispira (F), Clostridium (G), Oscillospira (H), and Mucispirillum (I) were analyzed. The above results suggested that DDP and TPL upregulate the abundance of beneficial bacteria and downregulate the abundance of harmful bacteria. Data are presented as the mean ± SD. One-way repeated-measures ANOVA was used with Tukey’s test for multiple comparisons (A–I, respectively). *P < 0.05, **P < 0.01, ***P < 0.01.






Discussion

The high fatality rate associated with ovarian cancer and its resistance to existing chemotherapeutic drugs have made the development of anti-tumor drugs a top priority for clinical researchers. Considering the current difficulties in developing anti-tumor drugs, it is a reasonable option to extract anti-tumor drugs from Traditional Chinese Medicines. As one of the primary components of the Chinese herbal medicine Tripterygium wilfordii (a classic drug for treating rheumatoid arthritis), TPL has been found to offer broad-spectrum anti-tumor effects. Indeed, recent studies have shown that TPL reverses drug resistance in ovarian cancer. In the present study, we found that TPL inhibits the growth of drug-resistant ovarian cancer in vivo and in vitro, potentially by inhibiting the polarization of M2 TAMs through the PI3K/AKT/NF-κB-signaling pathway.

Previous studies have shown that TPL exerts powerful anti-tumor actions by inhibiting cellular proliferation (33), blocking the cell cycle (34), interfering with tumor angiogenesis (35), inducing autophagy, and promoting cellular apoptosis (36). We presented similar findings herein, where we determined that administering increasing concentrations of TPL to A2780/DDP cells commensurately augmented cellular apoptosis, elevated their cytotoxicity, and attenuated their ability for cellular migration and invasion (Figure 1). However, the underlying mechanism(s) of action remains unknown. It is evidence that M1 type macrophages secrete pro-inflammatory factors such as IL-12, which recognize tumor cells and play an important role in antigen presentation. Moreover, M2 macrophages secrete the cellular inflammatory factor IL-10 to regulate blood vessels, which, in turn, promotes the occurrence and development of tumors (37). Additionally, the characteristic factor Arg-1 of M2 macrophages was also significantly upregulated (Figure 2). We also found that when A2780/DDP cells were co-cultured with the supernatant from M2 TAMs, the proliferative ability of the cells was enhanced (Figure 3); compared to the control group, the invasive and migratory capabilities were also augmented. However, when TPL was added to the M2 TAM supernatant, the proliferative ability of A2780/DDP cells was inhibited in a dose-dependent manner; this coincides with the results of previous studies (38). M2 type macrophages participate in tumor angiogenesis through a variety of ways, including the release of a variety of matrix metalloproteinases, serine proteases, and cathepsins. The release of these factors contribution to destroy the endothelial cell basement membrane and decompose collagens and other components of the extracellular matrix, thereby aiding tumor and stromal cells in their migration (39). Western blotting (Figure 4) of nude mouse tumor tissues showed that TPL not only inhibited tumor growth, but also reduced the expression of MMP9, MMP2, VEGF, p-PI3K, p-AKT, and p-p65 protein. The immunohistochemical staining results additionally showed that TPL combined with DDP reduced the expression of CD206 and CD31, indicating that TPL inhibited tumor invasion and metastasis by inhibiting the expression of metalloproteinases and CD31. The inhibition of CD206 expression suggests that TPL inhibits the ability of M2 TAMs to undergo polarization, which may be accomplished by inhibiting the PI3K/AKT/NF-κB pathway. However, we have not examined the effect of TPL on the PI3K/AKT/NF-κB signaling pathway in vitro, nor have we specifically evaluated the regulation of TPL on the PI3K/AKT/NF-κB signaling pathway or determined how it affects the polarization of M2 TAMs, which are the limitation of our study.

Finally, high-throughput sequencing methods were used to detect microbial changes in the gut of nude mice. It appears that except for the closer microbiota of the M group and the C group, the microbiotas of the other treatment groups were obviously different. However, treatment with DDP significantly altered the microbial compositions (Figure 5). Akkermansia belongs to the genus Ekmansia, which is an intestinal symbiont that colonizes in the mucosal layer. Akkermansia not only participates in the immune regulation of the host, but also enhances the integrity of intestinal epithelial cells and the thickness of the mucous layer, thereby promoting intestinal tract health (40). A previous study showed an increase in the abundance of microbial in the intestines of patients with melanoma who were responsive to Akkermansia-combined immunotherapy, and the patient’s fecal bacteria were then applied to the mouse melanoma model with obvious tumor suppressed effects (41). Clostridium butyricum is one of the normal intestinal microbiota, and the butyric acid it produces is not only the main source of nutrition and energy for intestinal mucosa cells but can also repair damaged intestinal mucosa, which is beneficial for regulating the human intestinal microecological balance (42). Related studies have shown that Clostridium butyricum inhibits the development of intestinal tumors (43). Furthermore, Sutterella, which belongs to the phylum Proteobacteria, is a common symbiotic bacterium in the human intestinal tract. Previous studies have shown that the abundance of Sutterella microbiota is positively correlated with intestinal diseases (44). Therefore, the increased abundance of the intestinal beneficial bacteria Akkermansia and the reduced abundance of Adlercreutzia following treatment with DDP confirm the ability of DDP to change the composition of the intestinal microflora. Moreover, the anti-tumor effect of TPL may be related to the increase in Clostridium and the reduction in Sutterella and Adlercreutzia (Figures 5 and 6), but this hypothesis needs to be further tested.

In summary, our results indicate that TPL combined with DDP can decreased the polarization of M2-type TAMs, thereby suppressing the proliferation, migration, and invasiveness of A2780/DDP cells in vitro, significantly prolonging the survival time of nude mice; the mechanism may be realized by inhibiting the PI3K/AKT/NF-κB pathway. In addition, DDP combined with TPL was found to promote the abundance of the beneficial intestinal bacteria, Akkermansia and Clostridium, and reduce the relative abundance of the opportunistic pathogenic bacteria, Sutterella and Adlercreutzia. Collectively, our results indicate that TPL is a promising adjuvant chemotherapy drug that can be used in the clinical treatment of drug-resistant ovarian cancer.
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The past two decades witnessed a revolution in our understanding of host–microbiota interactions that led to the concept of the super-organism consisting of a eukaryotic part and a prokaryotic part. Owing to the critical role of gut microbiota in modulating the host immune system, it is not beyond all expectations that more and more evidence indicated that the shift of gut microbiota influenced responses to numerous forms of cancer immunotherapy. Therapy targeting gut microbiota is becoming a promising strategy to improve cancer immunotherapy. In this review, we discuss the role of the gut microbiota in response to cancer immunotherapy, the mechanisms that the gut microbiota influences cancer immunotherapy, and therapeutic strategies targeting gut microbiota to improve cancer immunotherapy.




Keywords: gut microbiota, cancer immunotherapy, MAMPs, microbial metabolites, fecal microbiota transplant



1 Introduction

Over the past decades, immunotherapy has emerged as a mainstay in cancer treatment, with the advances in our understanding of cancer immunosuppressive microenvironments. Cancer immunotherapy was applied to a broad range of cancers, but 70% to 80% of patients failed to experience a life-altering durable response (1). To benefit more patients from cancer immunotherapy, efforts are made to evoke the immune response.

The gut microbiota is drawing tremendous attention given its effects on human health. Mounting evidence revealed that the gut microbiota and the immune system constantly interact (2, 3). Since immunotherapy was approved by US Food and Drug Administration (FDA), increasing clinical studies revealed the association between the gut microbiota and response to immunotherapy. Basing on the solid clinical association, the causal/mechanistic link of gut microbiota and immunotherapy was uncovered with preclinical models. Microbe-associated molecular patterns (MAMPs), molecular mimicry of microbial antigens with tumor neoantigen, and microbial metabolites were key factors that gut microbiota depends on to influence the response of cancer immunotherapy. Currently, more and more preclinical and clinical evidence indicated that the shift of gut microbiota influenced responses to numerous forms of cancer immunotherapy (4). As a result, therapeutic strategies targeting gut microbiota, including fecal microbiota transplant (FMT), diet, probiotics, and antibiotics, are regarded as promising candidates in improving cancer immunotherapies. Numerous clinical trials were performed to explore effective strategies to benefit cancer immunotherapy via improving gut microbiota. Thus, this review will mine the gut microbiota for cancer immunotherapy via summarizing and discussing the clinical-associated and causal/mechanistic links and clinical trials of gut microbiota and cancer immunotherapy, comparing the advantages and disadvantages of therapeutic strategies targeting the gut microbiota.


1.1 Cancer Immunotherapy

The immune system plays a dominant role in cancer control, attributed to the detection and elimination of cancer cells. On the other hand, some tumor cells escape immune surveillance by i) defecting the expression of antigen-presenting proteins, or antigen processing, or presentation, rendering them invisible to immune cell; ii) expressing proteins in inhibiting inflammation and inducing an immunosuppressive state within the tumor microenvironment; and iii) becoming insensitive to immune effector mechanisms (5). Immunotherapy helps the immune system to better act against cancer, via encouraging immune elimination and hindering immune evasion of cancer cells.

Therapeutic advances in immunotherapy have rapidly emerged in the past few years, especially the immune checkpoint inhibitors (ICIs). Currently, ICIs are FDA-approved for the treatment of many cancer types, including advanced-stage melanoma, squamous and non-squamous non-small cell lung carcinoma (NSCLC), Merkel cell carcinoma, head and neck squamous cell carcinoma, urothelial carcinoma, kidney carcinoma, microsatellite instability-high or DNA mismatch repair-deficient cancers, refractory Hodgkin lymphoma, hepatocellular carcinoma, and gastric cancer (6, 7). Now, ICIs are coming to neoadjuvant (presurgical) era. Clinical studies (8–10) have unleashed the promise of neoadjuvant immunotherapy. More than 90% of NSCLC patients were able to undergo surgery within the planned timeframe after neoadjuvant immunotherapy (11). In addition, RNA vaccine could be another effective immunotherapy, which drives immunity by the induction of strong CD4+ and CD8+ T-cell immunity against the vaccine antigens to kill cancer cells (12).

Despite the successful application of cancer immunotherapy across a broad range of human cancers, only 20% to 30% of patients experience life-altering durable response from these therapies, which varies depending on the tumor type (1). Indeed, immunotherapy responses are heterogeneous; most patients manifest primary or secondary resistance to ICIs or even acceleration of the disease, which is called “hyperprogression” (13). Efforts are being made to identify the parameters that govern the threshold of the immunity to evoke the effective anticancer immune response, defined as the “cancer immune set-point” (14).

Numerous factors have been identified to contribute to the “cancer immune set-point” via regulating overall immune status, including tumor mutational load, cell metabolism, genomic drivers, and host-specific genetic variation (15, 16). Also, recent investigations highlight the effect of microbiota on the parameters that govern the effectiveness of immunotherapy (17, 18).



1.2 Gut Microbiota and Immunity

The human gastrointestinal tract harbors extremely high densities of microorganisms called the microbiota. A human being is more and more perceived as a super-organism consisting of a eukaryotic part and a prokaryotic part (19, 20). The gut microbiota is populated with as many as 100 trillion cells (21), whose collective gene set is approximately 100 times larger than the human gene complement (22, 23). Since birth, gut microbiota interacts with the host constantly throughout development. In consequence, it is not beyond all expectations that gut microbiota plays an important role in numerous host functions including immunity (2, 17).

In addition to influencing localized immune responses, what is more, gut microbiota contributes to systemic innate and adaptive immunity. On the one hand, the gut microbiota is a main source of MAMPs and ligands of pattern recognition receptors (PRRs). PRRs include the Toll-like receptors (TLRs), the nucleotide-binding oligomerization (NOD)-like receptors (NLRs), the RIG-I-like receptors, the C-type lectin receptors, the absent in melanoma 2 (AIM2)-like receptors, and the OAS-like receptors (24), which are widely expressed innate immune cells. In addition, gut microbiota stimulates the expression of PRRs. For example, gut microbiota orchestrates TLR expression on intestinal epithelial cells (25). MAMPs systemically prime the innate immune system, enhancing killing by bone marrow-derived neutrophils (26, 27) and increasing constitutive production of type I interferons of plasmacytoid dendritic cells (DCs) and cross-priming of DCs (28, 29).

On the other hand, gut microbiota-derived metabolites educate both innate and adaptive immunity. The gut microbiota metabolized the fiber, subsequently increasing the concentration of circulating short-chain fatty acids (SCFAs). SCFAs enhance the generation of macrophage and DC precursors and their phagocytic capacity (30), induce anti-inflammatory regulatory T cells (Tregs) (31), and facilitate antibody production of B cells (32). Polysaccharide A (PSA), a zwitterionic capsular carbohydrate, induces FOXP3+ Treg differentiation and the production of IL-10 (33). Purine metabolite inosine advances Th1 differentiation via adenosine 2A receptors (A2AR) (34). Therefore, it is not surprising that more and more studies are revealing the associations and mechanisms between gut microbiota and cancer immunotherapy and are exploring the strategies to improve immunotherapy by taking advantage of gut microbiota.



1.3 The Mechanisms of Gut Microbiota Modulating Immunotherapy

Diverse studies revealed that gut microbiota plays a crucial part in cancer immunotherapy. Both of the bacteria colonized in the gut and that translocated in the tumor or lymphoid organs regulate cancer immunotherapy. The mechanism for the immune modulation of gut microbiota is being disclosed. Based on existing researches, there are three ways by which gut microbiota influence systemic cancer immunotherapy: a) evoking the innate immunity and downstream adaptive immunity by MAMPs; b) yielding an endogenous tumor vaccine by molecular mimicry of microbial antigens with tumor neoantigen; and c) stimulating tumor-infiltrating immune cell by microbial metabolites (Figure 1).




Figure 1 | Mechanisms linking gut microbiota with cancer immunotherapy. (A) MAMPs. Live bacteria (Bifidobacterium facilitates) and MAMPs traverse the mucosal barrier, enter the circulation, and finally locate at the tumor tissue, where MAMPs activate myeloid cells, including DCs and macrophages. The activation of myeloid cells enhances the phagocytosis of macrophages and cytotoxicity of CD8+ T cells downstream. (B) Molecular mimicry of microbial antigens with tumor neoantigen. Antigens of commensal bacteria, including Bifidobacterium facilitate, Bifidobacterium intestinihominis, Enterococcus hirae 13144, and Bifidobacterium breve, are presented by APCs to CD4+ T cells and CD8+ T cells. By circulations, antigen-specific T cells arrive at tumor tissue and cross-react with tumor neoantigen. (C) Microbial metabolites. Microbiota-derived SCFAs play an immune-suppressive role in the tumor microenvironment via increasing the portion of Tregs, inhibiting DC maturation and CD8+ T-cell activation. Microbiota-derived inosine acts to advance Th1 differentiation and CD8+ T cytotoxicity. MAMPs, microbe-associated molecular patterns; DC, dendritic cell; APCs, antigen-presenting cells; SCFAs, short-chain fatty acids.




1.3.1 Microbe-Associated Molecular Patterns

MAMPs, ligands of PRRs mostly expressed on innate immune cells, can act directly on local intestinal tissue cells but also penetrate beyond the mucosa, into circulation to tune immune cells in peripheral tissues (35). MAMPS can trigger at least partial activation of innate immune cells such as DCs. Furthermore, conditional antigen-presenting cells (APCs) enhanced the ability to evoke adaptive immune response and modulates cancer immunotherapy (Figure 1A).

Commensal bacteria have been identified in extragastrointestinal tissues typically considered to be sterile. Bacteria were detected in the blood (36), lymphoid organs (37, 38), and various tumor tissues (39, 40). Live bacteria gaining access to tumors or lymphoid organs may initiate a strong immune response by MAMPs. For example, the stimulator of interferon genes (STING) is a direct sensor of bacterial cyclic dinucleotides. Shi et al. revealed that Bifidobacterium facilitates translocation in tumor sites, where it facilitated anti-CD47 immunotherapy via STING signaling, increasing cross-priming of DCs (28) (Figure 1A). Sivan et al. showed that splenic DCs isolated from mice colonized with Bifidobacterium showed superior priming of naïve CD8+ T cells in vitro (41).

MAMPs can traverse the mucosal barrier and enter the circulation. Stimuli capable of activating a range of TLR and NOD receptors were detected in serum from healthy individuals (42). In cancer immunotherapy, gut microbiota enhanced cancer response to the combination of CpG and anti-IL-10R through increasing tumor necrosis factor (TNF) production, which depends on the activation of TLR4 on tumor amyloid cells. And gavage with bacterial lipopolysaccharide (LPS), a ligand of TLR4, largely restored TNF production in tumors of antibiotic-treated mice (43). In addition, the activation of macrophages by MAMPs enhanced the phagocytic capability (44) and then primed CD8+ T cells to exhibit cytotoxic function (45) (Figure 1A).



1.3.2 Molecular Mimicry of Microbial Antigens With Tumor Neoantigen

The theory of “molecular mimicry” posits that T cells elicited by bacteria or viruses accidentally recognize autoantigens as they “escape” from self-tolerance-inducing mechanisms. There were some reports that had demonstrated that microbe-specific CD4+ or CD8+ T lymphocytes attack normal tissues (46–48). Some data revealed a mechanistic role for T-cell epitopes shared between bacteria and tumor cells (37, 49–53). Fluckiger et al. (53) found the MHC-I-binding epitopes in the tail length tape measure protein (TMP) of a prophage. Enterococcus hirae 13144 harbored the bacteriophage that improves the response to anti-PD1 via activating TMP-specific H-2Kb-restricted CD8+ T cell. In mouse models, administration of enterococci containing the bacteriophage boosted T-cell responses. In humans, the presence of the bacteriophage was associated with improved survival after PD-1 immunotherapy. In addition, E. hirae and Bifidobacterium intestinihominis specific memory CD4+ T cells were associated with longer progression-free survival (PFS) in cancer patients (37). Memory T-cell responses against Bifidobacterium fragilis and anticancer efficacy of anti-CTLA4. Adoptive transfer of Bi. fragilis-reactive CD4+ T cells restored anti-CTLA4 efficacy in germ-free (GF) mice (51). Bessell et al. (52) found that T cells targeting an epitope called SVYRYYGL, expressed in Bifidobacterium breve, cross-react with a model neoantigen SIYRYYGL. Compared with mice with Bifidobacterium colonization, tumors expressing the model SIYRYYGL neoantigen grew faster in mice lacking Bifidobacterium (Figure 1B).



1.3.3 Microbial Metabolites

Microbiota can metabolize dietary components that cannot be metabolized by the host, thus contributing to the production of primary metabolites and the modulation of secondary metabolites (54). The diverse array of metabolites in the mammalian intestine have the potential to modulate immunity. Several such microbial metabolites include SCFAs, lactic acid, spermidine, niacin, indole, retinoic acid, PSA, bile acid, and taurine (55).

SCFAs, namely, acetate, propionate, and butyrate, are the result of non-digestible carbohydrate fermentation by anaerobic commensal bacteria. In terms of immune regulation, SCFAs modulate cytokine releasing (56–58) and function of innate immune cells (30, 59, 60), B cell (61), and Tregs (31, 62) by acting as a histone deacetylase inhibitor or ligands for G-protein-coupled receptors. In cancer immunotherapy, SCFAs play an immune-suppressive role with an increase in the abundance of Tregs (63). In the mouse model, administration of butyrate diminished the efficacy of anti-CTLA4, via inhibiting DC maturation and T-cell activation (Figure 1C). In the clinical study, cancer patients with low concentrations of SCFAs showed prolonged PFS, and an association between gut bacteria and systemic concentrations of SCFAs was found (63). However, these results are in contrast those of with two clinical studies showing that high concentrations of fecal and plasma SCFAs were associated with a response to PD-1 treatment (64, 65).

Although there is no evidence showing that lactic acid or spermidine from gut microbiota influence immunotherapy directly, lactic acid derived from cancer cells suppressed the function of T cells, NK cells, and macrophages, resulting in the attenuated efficiency of anti-PD-L1 and anti-CD47 (66, 67). Gut microbiota-derived spermidine preferentially induces naïve T cells to Tregs in the gut tissue (68).

The purine nucleoside inosine is generated by deamination of adenosine or the action of 5′-nucleotidase on inosine monophosphate. He et al. (69) revealed that gut microbiota regulated levels of the purine metabolite inosine that suppressed the differentiation and inflammation of Th1/Th2 cells via A2AR on T cells. Intriguingly, Mager et al. (34) discovered that the inhibition of Th1/Th2 cells is dependent on the absence of IFNγ; when this cytokine is present, inosine acted to advance Th1 differentiation via A2AR and boost anti-CTLA4 therapy. In addition, the translocation of inosine-producing bacteria in tumors was not required for the enhancement of immune therapy. Thus, microbiota-derived soluble inosine augments cancer immunotherapy through blood circulation. Besides signaling molecules, inosine is an essential cellular energy. Within tumors, cancer cells rapidly deplete glucose such that infiltrating T cells, which require abundant energy substrates for full function, would have been outcompeted if alternative substrates were not present. Wang et al. (70) demonstrated that inosine is an alternative source of energy to glucose within the tumor microenvironment; the combination of inosine supplementation and administration of anti-PD-L1 led to delayed tumor growth and increased survival time in a mouse model of melanoma. Unfortunately, some cancer cells compete with T cells for inosine as an energy source, which diminished the beneficial effect of inosine supplementation together with anti-PD-L1 (Figure 1C).





2 Gut Microbiota in Response and Toxicity to Immunotherapy


2.1 Gut Microbiota and Immunotherapy


2.1.1 Clinical Evidence Linking Gut Microbiota and Immunotherapy

Several clinical studies, involving Americans, Chinese, Japanese, French, and Netherlands, have demonstrated the association between gut microbiota and immunotherapy (Table 1). 16S rDNA sequencing or metagenomic shotgun sequencing (MSS) were used to analyze the composition of gut microbiota.


Table 1 | Clinical evidence linking gut microbiota and cancer immunotherapy.



ICIs were first approved by the FDA to cure melanoma. The response of melanoma to ICIs was associated with a range of factors; integrative molecular and clinical modeling was used to predict the response (86). Since 2017, there have been six clinical studies, including 213 patients, that took insight into the association between the gut microbiota and the immunotherapy on metastasis melanoma (63, 71–75). All of them took the baseline (prior ICI treatment) microbiota into the first consideration. Totally, 26 bacteria were found by those studies to be related to a positive response in metastatic melanoma patients, including longer PFS and overall survival (OS). Among those bacteria, Faecalibacterium prausnitzii was found enriched in responders by three studies, from the United States and France, respectively (71–73). In addition, Coutzac et al. revealed that responders had increased Faecalibacterium (63). Three species of Bacteroides (72, 75), two species of Bifidobacterium (74), a species of Clostridium (71, 73) correlated with immunotherapy response positively. Gemmiger formicilis (71) and Gemminger (63), Ruminococcus bromii (73), and Ruminococcus (71) were reported to be enriched in responders. However, only Gopalakrishnan et al. (73) showed increased alpha diversity in responders.

The anti-PD-1/PD-L1 treatment has become the first-line strategy for NSCLC. There were four clinical studies (76–79) about gut microbiota and ICI focused on NSCLC patients, and another two (80, 81) included NSCLC patients. All of those studies recruited East Asian patients, except for Routy et al. (81). In addition, Katayama et al. (78) and Jin et al. (76) took the progression (during ICI treatment) microbiota into consideration. In general, a positive correlation between alpha diversity and ICI response was found in three of the six clinical studies (76, 77, 80). Nineteen bacteria were related with a positive response, including Bacteroides (81), Bifidobacterium (76), Clostridium (78), and Ruminococcus (78, 80), which correlated with immunotherapy response on metastasis melanoma positively, but Faecalibacterium was not in the NSCLC list.

In addition, there are some studies that revealed the association between gut microbiota and immunotherapy in the other solid tumor models (65, 80–85). Three of those clinical studies found the responders with higher alpha diversity (80, 83, 85). Worth mentioning is a clinical study involving 501 patients that also revealed the positive correlation between alpha diversity and ICI response (https://meetinglibrary.asco.org/record/193964/abstract). Similar to results of metastasis melanoma and NSCLC, Bacteroides (81, 83), Bifidobacterium (85), and Ruminococcus (65, 85) were enriched in the responders on other solid tumors. Furthermore, Akkermansia muciniphila was found enriched in responders by two individual studies (81, 85); Agarwal et al. (82) and Yin et al. (84) showed that Akkermansia correlated with beneficial response.

In summary, many clinical studies identified the association between gut microbiota and immunotherapy. Although various sample volumes from different regions, different collection techniques, cancer types, and distinctive sequencing methods limit the accuracy of gut microbial comparisons, we can find some clues from those studies. First, although only a part of the studies showed a positive correlation between alpha diversity and immunotherapy response, none of them showed a negative correlation, indicating the importance of alpha diversity. Second, Bacteroides, Bifidobacterium, Ruminococcus, and Akkermansia were frequently found to be associated with beneficial responses, indicating that they may play a role in regulating immunotherapy. Regrettably, there are no available data showing the association between gut microbiota and the efficiency of neoadjuvant immunotherapy. However, Batten et al. revealed that the diversity and composition of gut microbiota were associated with immune-related adverse events in neoadjuvant immunotherapy (87). Rajji et al. reported that antibiotics were associated with less benefit from neoadjuvant immunotherapy on bladder cancer (88).



2.1.3 Mouse Models Showing the Effect of Gut Microbiota on Immunotherapy

There is no available clinical trial that shows the effect of gut microbiota on immunotherapy; therefore, the effect was illustrated by mouse models only (Table 2).


Table 2 | Gut microbiota enhancing cancer immunotherapy in mice.



First of all, mice with different gut microbiota show distinct responses to immunotherapy. Wild-type (WT) mice from Jackson Laboratory (JAX) and Taconic Biosciences (TAC) were reported to have a distinct gut microbiome that contributes to their distinct immune signatures (91). The JAX mice carrying B16 melanoma and MC38 showed enhanced response to anti-PD-L1 and anti-CD47, respectively, compared with TAC mice (28, 41). Besides, loss of gut microbiota by using GF mice or treating specific pathogen-free (SPF) mice with antibiotics ablated the response to immunotherapies, including anti-IL-10 receptor plus CpG-oligonucleotide on MC38 tumor-bearing mice (43), anti-CTLA4 on MCA205 sarcoma-bearing mice (51), anti-CTLA4 or anti-PD1 on MC38 tumor-bearing mice (34, 89), anti-CD47 on MC38 tumor-bearing mice (28), and anti-PD1 on CT26 tumor-bearing mice (92). This phenomenon was a window that revealed the association of gut microbiota with immunotherapy.

Second, when given different gut microbiota, gnotobiotic mice appeared to have a distinct response to immunotherapy, which demonstrated the effect of gut microbiota on immunotherapy, as well. As mentioned above, Matson et al. (74) investigated the gut microbiota of 38 metastatic melanoma patients treated with anti-PD1 and found the difference. Reconstitution of GF mice with fecal material from responding patients could lead to improved tumor control, augmented T-cell responses, and greater efficacy of anti-PD-L1 therapy on the B16 melanoma mouse model (74). In addition, a study by Routy et al. exhibited the same benefit from responders’ gut microbiota on MCA205 sarcoma (81).

Last but not least, the beneficial effects of defined bacteria on immunotherapy have also been demonstrated by mouse models. Oral supplementation with Alistipes shahii or Ruminococcus reversed immunotherapy inhibition by the antibiotic treatment, but not Lactobacillus fermentum (43). Gavage of TAC mice with Bifidobacterium species enhanced the effect of anti-PD-L1 on MC38 colon cancer, with DC activation and increased IFNγ producing CD8+ T cells (41). As well, Bifidobacterium species enhanced the effect of anti-CD47 (28). CD47, known as the “don’t eat me” signal, is the phagocytosis checkpoint as a new target for cancer immunotherapy (93). Bacteroides fragilis, Bacteroides thetaiotaomicron, and Burkholderia effectively aided immunotherapy of anti-CTLA4 on MCA205 sarcomas depending on intratumoral CD11b+ DCs secreting IL-12 and splenic ICOS+ Ki67+ IFNγ+ TNFα+ T cells, and tumor-infiltrating T cells, but not Parabacteroides distasonis nor Escherichia coli nor Bacteroides uniformis (51). Oral gavage with A. muciniphila after FMT with non-responder feces restored the efficacy of anti-PD-1 on orthotopic Lewis lung carcinoma (LLC) non-small cell lung cancers and MCA205 mouse models, which depended on IL-12, with increasing recruitment of CCR9+CXCR3+CD4+ T cell into mouse tumor, in the mechanism (81). A similar phenotype was also revealed on renal cell carcinoma (RCC) tumor-bearing mice (94). Tanoue et al. (89) isolated 11 human gut bacteria that increased colonic IFNγ+ T cells, including Ruthenibacterium lactatiformans, Eubacterium limosum, Fusobacterium ulcerans, Phascolarctobacterium succinatutens, B. uniformis, Bacteroides dorei, Paraprevotella xylaniphila, P. distasonis, Parabacteroides johnsonii, Parabacteroides gordonii, and Alistipes senegalensis. Administration with the 11-bacterium mix (11-mix) recovered efficacy of anti-PD1 or anti-CTLA4 with infiltration with IFNγ+ T cells in MC38 tumor. Mager et al. (34) showed that Bifidobacterium pseudolongum, Lactobacillus johnsonii, and Olsenella species significantly enhanced efficacy of anti-CTLA4 on MC38 model and azoxymethane/dextran sodium sulfate (AOM/DSS) model, with increased IFNγ+CD8+ T cells and IFNγ+ CD4+ T cells. Roberti et al. (90) found four immunogenic bacteria (B. fragilis, a non-enterotoxigenic species, Erysipelatoclostridium ramosum, and Alistipes onderdonkii), which were able to boost vaccine (oxaliplatin-exposed organoids) efficacy and anti-PD1 efficacy on MC38, in a CD103+CD11b−DC [conventional type 1 DCs (cDC1)]-dependent manner.

In summary, via mouse models, the causal/mechanistic link between gut microbiota and immunotherapy was illustrated. Bacteroides, Bifidobacterium, Ruminococcus, Lactobacillus, Enterococcus, and Akkermansia, associated with the response to immunotherapy in clinical studies, were revealed to activate immunity and boost the efficiency of immunotherapy in mouse models.




2.2 Gut Microbiota and Immune Response in Chemotherapy

Although not traditionally considered as immunotherapy, effective chemotherapy is also dependent on intact immune responses; therefore, the effect of gut microbiota on conventional chemotherapy depends on modulating the immune response.

Cyclophosphamide, a prominent alkylating anticancer agent, inhibits tumor outgrowth by inducing immunogenic cancer cell death (95, 96), reverting immunosuppressive T cells (97), and promoting Th1 and Th17 cells (98). GF or antibiotic-treated mice carrying MCA205 sarcoma lost cyclophosphamide tumor inhibition, suggesting that the gut microbiota plays a critical role in controlling cancer during cyclophosphamide treatment. While oral gavage with E. hirae clone 13144 and Barnesiella intestinihominis reinstated cyclophosphamide efficacy, but not P. distasonis, Lactobacillus plantarum, Lactobacillus reuteri, and L. johnsonii, which segmented filamentous bacteria, even other E. hirae isolates (37, 38, 53). In mechanism, E. hirae clone 13144 translocated into secondary lymphoid organs, where they stimulated the generation of a specific subset of “pathogenic” Th17 cells and memory Th1 immune responses, which cross-react with tumor-associated antigens. Finally, E. hirae clone 13144 increased the intratumoral CD8+/Treg ratio and enhanced chemotherapy (37, 38, 53). Ba. intestinihominis raised chemotherapy of cyclophosphamide through yielding tumor IFNγ T-cell infiltration (37).




3 Strategies to Improve Gut Microbiota in Cancer Immunotherapy


3.1 Fecal Microbiota Transplant

FMT is when stool from a healthy donor is made into a liquid mixture and transferred into the gut of a different person to try to reintroduce or boost helpful organisms, which represents the most direct means to manipulate the gut microbiota. Based on results from preclinical studies discussed above, FMT is considered as an intervention to treat patients undergoing immunotherapy, especially those administered with ICIs, aiming for the safety and response of the combo of FMT and immunotherapy. Currently, melanoma, prostate cancer, gastrointestinal system cancer, NSCLC, and mesothelioma are enrolled by several FMT-related clinical trials (Table 3).


Table 3 | Clinical trials linking gut microbiota and cancer immunotherapy.



The key factor of those clinical trials is the criteria of the donor. Six of nine clinical trials treated patients who respond to immunotherapy as donors (NCT04264975, NCT04116775, NCT04521075, NCT03353402, NCT04577729, and NCT03341143). Recently, the result of the phase 1 clinical trial (NCT03353402) was published (99). To assess the safety and feasibility of fecal FMT and re-induction of anti-PD-1 immunotherapy, the trial recruited 10 patients with anti-PD-1-refractory metastatic melanoma. Two FMT donors were included in the trials who had previously been treated with anti-PD-1 monotherapy and achieved a complete response. First of all, the gut microbiota of all recipients significantly differed from their baseline and closed to the donors. In detail, patients who received donor #1 sample had a greater relative abundance of Ruminococcus and Bifidobacterium adolescentis, whereas those who received donor #2 sample had an overrepresentation of Clostridiaceae (99). In addition, treatment increased multiple immune-related gene sets in the tumor tissue of donor #1 group, including IFNγ-mediated signaling pathway, T-cell activation, MHC-II protein complex, DC differentiation, and Th1-type immune response (99). Most importantly, three of 10 recipients achieved objective responses, all of them from donor #1 group, and only one recipient had a mild temporary bloating considered as an FMT-related adverse event (99). Another phase 2 clinical trial (NCT03341143) showed that six of 15 PD-1-refractory patients with melanoma benefited from the FMT (100). In this study, seven donors were included, including four with a complete response and three with a partial response. Responders’ recipient microbiota exhibited a significant shift toward the donor composition compared with the non-responders’. Successful FMT was enriched in Ruminococcaceae, Bifidobacteriaceae, and Lachnospiraceae. A coinciding immune activity after the FMT was found in blood and tumor microenvironment (100). Three of nine clinical trials treated healthy people as donors (NCT04056026, NCT03772899, and NCT04130763). Interestingly, the activation of immune response was also found in advanced or metastatic melanoma patients with FMT from healthy donors (NCT03772899) (101). Most importantly, these three published trials showed a favorable safety profile and represented the first clinical evidence that the gut microbiota may have an impact on antitumor immunity and potentially even responses to immunotherapies.

Besides the criteria of donors, those clinical trials differed on the FMT preparations (Table 3). Generally, FMT preparations can be performed via oral administration of lyophilized or frozen pills and capsules, or direct delivery by endoscopy. The lower routes of administration (colonoscopy or enema) appeared to be more successful than the upper routes (gastroscopy, or nasogastric and nasointestinal tubes) (102). Maybe this is the reason that most of those clinical trials administer FMT with colonoscopy.

However, to translate FMT into the clinic, there are a number of problems that we need to face. First of all is the safety issue. FDA has reported safety alerts after the death of patients receiving FMT for Clostridium difficile infection who developed infections caused by enteropathogenic bacteria contained in the FMT. Besides harmful bacteria, the harmful virus should also be screened before FMT, considering the intestinal epithelium is a tropism of SARS-CoV-2. Second issue is how to define the optimal donors. Several investigators recruit donors from patients who previously responded to immunotherapy, while others prefer healthy volunteers. Now only three positive results have been published. Two of them showed the benefits from responding patients, and one of them showed the benefits from healthy people. Considering that most studies revealed the difference of gut microbiota between responders and non-responders, it seems that responding patients should be better donors. In addition, the kinds of pathologies of the donor should be excluded. In one case, the obese phenotype has been transferred from a donor to a recipient (103). Last, FMT may benefit from host conditioning, including diet, probiotics, and antibiotics. Further studies are needed to make a synergetic combo of the FMT and host conditioning.



3.2 Diet

As a dominant determinant of interindividual microbiota variation (104, 105), diet is the key determinant of the microbiota configuration, through modulation of the abundance of microbial species and their individual or collective functions (106–108). Hippocrates noted “Let food be thy medicine and medicine be thy food.” Owing to the advantageous safety, cost, and availability, diet could be a promising clinical intervention to modulate gut microbiota and downstream immune in cancer patient populations.

Prebiotics are a source of diet for your gut’s healthy bacteria. They are carbs that our body cannot digest. The well-known prebiotics, microbiota-accessible carbohydrates, have a major impact on gut microbiota composition, diversity, and richness (109). Microbiota-accessible carbohydrates are fermented by gut microbiota to produce SCFAs, which have been discussed above in modulating immunotherapy. It benefited the exclusion of pathogens such as Citrobacter rodentium and C. difficile (110, 111). Another prebiotic, plant polysaccharide inulin, increased both Faecalibacterium and Bifidobacterium species in gut microbiota, which are considered potentially favorable for immunotherapy (112). The effect of a dietary supplemental nutritional product (IGEN0206) on the quality of life, nutritional status, and shift in the gut microbiota of patients with NSCLC was investigated by a clinical study (NCT04552418). Unfortunately, we have no idea of the prebiotics in IGEN0206.

Besides prebiotics, the main components of diets shift gut microbiota and immunity, including calorie, protein, and fat. A plant-based, calorie-restricted, low-protein diet, also known as fasting mimicking diet (FMD), modulated gut microbiota composition and immune cell profiles to reduce inflammatory bowel disease pathology (113). It has been proposed as a potential anticancer dietary intervention by enhancing cytotoxic CD8+ tumor-infiltrating lymphocytes (114). At present, NCT03454282 is designed to explore the impact of FMD on the gut microbiota composition, peripheral blood mononuclear cells, tumor-infiltrating lymphocytes, and metabolic parameters of breast cancer or melanoma patients.

The population structure responds to acute dietary change, as evidenced by rapid and substantial increases in populations at the genus and species levels. However, dietary change does not necessarily induce a permanent compositional shift, at least at the phylum level, although evidence for this assertion is limited (115). As a result, diets might not able to reshape the gut microbiota as dramatically as FMT. But the advantage in safety and convenience of diets is obvious. Considering the restricted effect of diets on gut microbiota, the combination of diets and FMT might give their advantages a full play to modulate gut microbiota and immunotherapy.



3.3 Probiotics

Beneficial or immune-modulating bacteria could be administered as a probiotic to manipulate cancer immunotherapy. Probiotics could provide a more feasible method of microbial manipulation in the clinical setting. Many clinical trials using probiotics in cancer patients have been initiated with some completed (Table 3).

Most of the probiotics are composed of single strains. MRx0518 is a strain of Enterococcus gallinarum, isolated from a healthy human fecal sample (116). EDP1503 is a strain of Bifidobacterium animalis subsp. lactis, BB536 is a strain of Bifidobacterium longum, and LA1 is a strain of Lactobacillus acidophilus. JNJ-64041809 is a live attenuated, double-deleted Listeria administered intravenously. GEN-001 is a single-strain bacteria isolated from the gut of healthy human volunteers. As mentioned above, Enterococcus, Bifidobacterium, and Lactobacillus are related to immunotherapy (74, 76, 81, 85). Especially, Bifidobacterium species have been demonstrated to enhance the response to ICIs in animal models by several studies (28, 34, 41). Currently, initial data from the first six patients of NCT03637803 showed that MRx0518 combined with pembrolizumab is well tolerated in patients with solid tumors who have developed resistance to anti-PD-1/PD-L1. Two patients have shown a partial response with evidence of increased tumor-infiltrating lymphocytes, according to the RECIST v1.1 criteria 1. One additional patient has a stable disease. No drug-related serious adverse events have been noted (https://www.londonstockexchange.com/news-article/DDDD/clinical-observations-from-mrx0518/14295955). Initial data of NCT03775850 show that an overall response rate (ORR) of 25% (2/8) and a disease control rate of 37.5% (3/8) were observed across all triple negative breast cancer (TNBC) subjects receiving high-dose EDP1503. ORR was 33% (2/6) among response-evaluable patients on the high dose, with two patients awaiting first response assessment. Historic studies of anti-PD-1 monotherapy in heavily pretreated TNBC patients have yielded an ORR of 5%–10% (https://ir.evelobio.com/news-releases/news-release-details/evelo-biosciences-present-clinical-data-phase-12-trial-edp1503). NCT02625857 showed that JNJ-64041809 has a manageable safety profile and activation of the immune response. Nevertheless, observed immune activation with monotherapy did not translate into clinical activity (117).

The probiotics could also be a consortium of live bacteria, including Primal Defense Ultra Probiotic Formula, SER-401, and MET-4 and VE800. VE800, which consisted of 11 clonal human commensal bacteria strains, activated the immunotherapy via CD8+ T cells in animal models (89). The consortium seems more powerful in shifting gut microbiota than single bacteria; however, it is a pity that there are no available clinical data to show the safety of probiotic consortiums, although five clinical trials are going to reveal the safety and clinical response.

In addition to the strain isolated from humans, synthetically engineered microorganisms can also be implanted as probiotics. Advances in synthetic biology are enabling the design of microorganisms based on therapeutic needs. Currently, engineered a non-pathogenic E. coli strain, expressing encoded nanobody antagonist of CD47, or nanobodies targeting PD-L1 and CTLA4, or STING agonist, were administered to activate systemic antitumor immunity and to regress tumor burden in mouse models (118–120), although, until now, those engineered probiotics were designed to kill tumors, directly. Along with a deep understanding of the role of gut microbiota in cancer immunotherapy, engineered probiotics will be applied to modulating gut microbiota, as an adjuvant of immunotherapy.

We believe that probiotics are the future to improve gut microbiota for immunotherapy. Compared with FMT, probiotics do not need donors nor the criteria for donors. In addition, probiotics contain less harmful and dispensable matter. Last, probiotics are easier for the industry. However, a deeper understanding of the mechanism between gut microbiota and immunotherapy is needed to develop immunotherapeutic probiotics.



3.4 Antibiotics

Antibiotic administration is another straightforward intervention to module gut microbiota and the downstream cancer immunotherapies. By removing harmful bacteria, some antibiotics can provide a positive effect on the gut microbiota and immunotherapy. Vancomycin targets gram-positive bacteria, including butyrate-producing bacteria and decreasing SCFA concentrations. Vancomycin treatment induced an increase of systemic CD8α+ DCs, tumor-associated antigen cross-priming with antitumor CD8+ T cell elicitation, and tumor growth inhibition in mice, via decreasing SCFAs (121, 122). Recently, a phase 2 single-arm clinical trial (NCT03785210) was designed to investigate if nivolumab given with tadalafil and vancomycin causes liver tumor to shrink (Table 3).

Nevertheless, antibiotic classes should be carefully considered. Due to the lack of specificity, antibiotics decrease bacterial diversity, eliminate beneficial bacteria, and give rise to dysbiosis. As a matter of fact, numerous clinical studies from France, China, Japan, Canada, and the United States unleashed antibiotic treatment prior to immunotherapy was associated with reduced clinical benefit on melanoma (123), NSCLC (81, 124–127), and RCC (81, 94, 124, 128). All of those studies found that patients with antibiotic treatment prior to immunotherapy had decreased diversity of gut microbiota and worse PFS and OS. To some extent, the results are consistent with the investigation of responders and non-responders showing a positive correlation between alpha diversity and immunotherapy response. On the other hand, taking the advantage of broad-spectrum depletion of naïve gut microbiota, antibiotics could be used before FMT to achieve better microbial modulation. For instance, Baruch et al. (99) treated patients with vancomycin and neomycin to deplete their own native microbiota before FMT via colonoscopy and via oral capsules.




4 Discussion

The dynamic nature of the microbiota makes it an attractive target for therapeutic intervention in a range of conditions, as engraftment or elimination of particular microorganisms. The shift of gut microbiota contributes to altering both innate and adaptive immunity. In addition, many studies incorporating preclinical and clinical studies have gained our insight into the influence of gut microbiota on cancer immunotherapy. Via MAMPs, microbial metabolites, and molecular mimicry, the gut microbiota educates both local and systematic immunity to alter the response to cancer immunotherapy. Therefore, in the age of microbiome, therapeutic strategies targeting gut microbiota, including FMT, diet, probiotics, and antibiotics, are developed to enhance responses to cancer immunotherapy. However, there is still a great deal to investigate the inherent mechanisms, as well as optimal strategies.

To identify causal host–microbiota relationships and mechanisms, there are two approaches generally, the microbiota-based approach and the molecule-based approach (129). The microbiota-based approach is the more often used. First, a complex microbiota is found to promote a given phenotype. Then several methods, including 16S DNA sequence, antibiotic treatment, and in vitro culture, are used to narrow down the entire microbiota to a single effector species or consortium. Furthermore, single species intervention and/or bacterial genetic engineering studies are performed to uncover the mechanisms. The molecule-based approach starts from a small molecule, which is proven to promote a given phenotype. Then by searching genomic databases or the literature, the biosynthetic machinery of the molecules and the functional species will be identified. Because many metabolic pathways are conserved in bacteria, the molecule-based approach bacteria may be possible to identify several effector species. If necessary, further investigations are needed to identify the most critical species. Up to now, nearly all of the mechanism studies focusing on the role of gut microbiota in response to immunotherapy belong to microbiota-based approaches (28, 34, 37, 41, 43). No study used a molecule-based approach to explore the host–microbiota relationships in cancer immunotherapy. Given the fact that there are many sensitive in vitro models in investigating cancer immunotherapy (130, 131), systematic screening of microbiota-derived molecules with those models is an effective method to identify the molecules associated with the given phenotype. Furthermore, the systematic screen will provide one or more great starts for the molecule-based approach in further revealing the inherent mechanisms. Therefore, the molecule-based approach should be a window to explore causal host–microbiota relationships and mechanisms in cancer immunotherapy.

Furthermore, additional complexities exist as we move forward with optimal microbiota-based strategies to improve therapeutic responses. First, although these clinical studies drew similar conclusions those clinical studies linking gut microbiota and immunotherapy and some beneficial bacteria have been identified by clinical and preclinical studies, there were diverse results; it is not very clear what composition of the gut microbiome is optimal to facilitate antitumor immunity. More researches should be performed to define the ideal gut microbiota for immunotherapy. Second, although there are various range of therapeutic options to shift gut microbiota, precise modulation with gut microbiota remains difficult owing to the interindividual heterogeneity inherent in humans. Computational models could help in the precise design of microbial therapeutics, which can be used to predict the engraftment of immunomodulatory microbiota members (132). Based on taxonomic analysis of gut microbiota, machine learning can provide new insights to predict disease states and outcomes, which is beneficial for personalized medicine (133). Last, stable microbial engraftment can be manipulated by intrinsic microbiota, extrinsic nutrients (134, 135), colonic metabolic state (136), and immune state (137). Thus, precision medicine interventions in gut microbiota and a rational combo of those individual therapeutic strategies are required to optimize to match the genetic, microbial, and metabolic profiles (Figure 2). Unfortunately, we lack the ability to reliably predict how these factors influence bacteria and their immunomodulatory properties, currently. Although the promise of microbial therapy has been revealed in cancer immunotherapy, a number of further studies are still needed to optimize therapeutic strategies.




Figure 2 | Design of microbial therapeutics to benefit cancer immunotherapy. Stable microbial engraftment is manipulated by intrinsic microbiota, extrinsic nutrients, and colonic metabolic. As a tool, computational modeling can be used to predict the engraftment of microbiota members. Thus, with the deeper insight into this field, the rational design of microbial therapeutics will take all of those factors into consideration and combine those individual therapeutic strategies to improve cancer immunotherapy.
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Background

Immunotherapy has emerged as a significant strategy to treat numerous tumors. The positive response to immunotherapy depends on the dynamic interaction between tumor cells and infiltrating lymphocytes in the tumor microenvironment (TME). Pyroptosis, inflammation-induced cell death, is intricately associated with several tumors. However, the relationship between pyroptosis and clinical prognosis, immune cell infiltration, and immunotherapy effect is unclear in breast cancer (BRCA).



Methods

We comprehensively evaluated 33 pyroptosis-related genes and systematically assessed the relationship between pyroptosis and tumor progression, prognosis, and immune cell infiltration. The PyroptosisScore was used to quantify the pyroptosis pattern of a single tumor patient. We then assessed their values for predicting prognoses and therapeutic responses in BRCA.



Results

Three different modes of PyroptosisClusters were determined. The characteristics of TME cell infiltration in these three PyroptosisClusters were highly consistent with three immunophenotypes of tumors, including immune-excluded, immune-inflamed, and immune-desert phenotypes. Comprehensive bioinformatics analysis revealed that patients with a low PyroptosisScore had higher immune checkpoint expression, higher immune checkpoint inhibitor (ICI) scores, increased immune microenvironment infiltration, and were more sensitive to immunotherapy than those with a high PyroptosisScore.



Conclusions

Our findings revealed the crucial role of pyroptosis in maintaining the diversity and complexity of TME. Pyroptosis is closely related to tumor progression, tumor prognosis, and immunotherapy response. Evaluating the PyroptosisScore of a single tumor can assist in understanding the characteristics of TME infiltration and lead to the development of more effective immunotherapy strategies.
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Background

The incidence of breast cancer (BRCA), one of the most common cancers in women worldwide, has been increasing annually at a high rate (1–3). Although the mortality rate of BRCA has been drastically reduced recently due to the development of more effective and superior medical diagnostic and imaging techniques, the prognosis of patients with BRCA is still poor (4, 5). BRCA is a highly heterogeneous cancer with different pathological characteristics and molecular subtypes. The tumor microenvironment (TME) has been implicated in the occurrence and development of BRCA (6–8). Studies have shown infiltration of numerous inflammatory cells in BRCA; e.g., the density of CD8+ T cells is highly related to the immune escape of BRCA. Similarly, the infiltration of CD8+ T and CD4+ T cells is significantly related to the prognosis of BRCA (9–11). Immunotherapy, especially immune checkpoint blocking (ICB), has emerged as the latest therapeutic approach for a variety of cancers (12, 13). However, compared with other cancers, little work has been done toward the development of immunotherapy for BRCA.

Pyroptosis refers to the Gasdermin family-induced programmed cell death and is accompanied by inflammatory and immune responses (14, 15). A complex relationship exists between pyroptosis and cancer; pyroptosis can not only inhibit the occurrence and development of tumors but also act as a pro-inflammatory signal to create a microenvironment suitable for tumor cell growth. Pyroptosis is primarily triggered by the activation of inflammasomes, which are induced by the canonical caspase-1 inflammasome pathway and the non-canonical caspase-4/5/11 inflammasome pathway (16–19). Increasing evidence shows the pivotal role of pyroptosis in the TME although the underlying mechanism of pyroptosis in BRCA microenvironment progression and the immune response is still unclear.

We comprehensively evaluated the expression of pyroptosis-related genes and their effect on the progression, malignancy, prognosis, and immune response of BRCA. We used the Cancer Genome Atlas (TCGA) database and Gene Expression Omnibus (GEO) to determine three different pyroptosis patterns in BRCA and evaluated the clinical characteristics, prognostic value, and immune infiltration level of the resulting PyroptosisClusters. In addition, we defined a PyroptosisScore that effectively predicted the prognosis of patients with BCRA and immunotherapy response. We believe that these findings can assist in the development of effective immunotherapies for BRCA.



Materials and Methods


BRCA Data Source and Preprocessing

Gene expression profiles and clinical information were downloaded from TCGA (https://portal.gdc.cancer.gov/) and GEO (https://www.ncbi.nlm.nih.gov/geo/) databases. The TCGA–BRCA cohort contained 1,109 BRCA samples and 113 normal tissue samples, and the GSE42568 cohort contained 104 BRCA samples and 17 normal tissue samples. For TCGA–BRCA cohort, fragments per kilobase million (FPKM) values were transformed into transcripts per million (TPM). The “sva” package of R software was used to address the batch effect. Patients whose survival information was unavailable were excluded from the study. A total of 1,200 patients were included in the study. The patients’ clinical information is given in Supplementary Table 1.



Unsupervised Cluster Analysis

The pyroptosis-related literature revealed 33 pyroptosis-related genes (Supplementary Table 2) (20–22). Unsupervised clustering analysis was applied to identify distinct pyroptosis patterns based on the expression of 33 pyroptosis-related genes and classify the patients (TCGA–BRCA cohort and GSE42568 cohort) for further analysis. We used the R package “ConsensuClusterPlus” to perform the above analysis and 1000 times repetitions for guaranteeing the stability of clustering. The optimal number of clusters was determined according to the consensus clustering algorithm.



Gene Set Variation Analysis

To study the differences in biological processes responsible for the characteristic patterns of pyroptosis, the “GSVA” R package was used to perform gene set variation analysis (GSVA) (23, 24). The “clusterProfiler” package was used for functional annotation and the gene set file (c2.cp.kegg.v7.2.symbols.gmt) was obtained from the MSigDB database (https://www.gsea-msigdb.org) (25–27).



Estimation of TME Cell Infiltration, ImmuneScore, StromalScore, and ESTIMATEScore

We used the single-sample gene-set enrichment analysis (ssGSEA) program to measure the relative abundance of each cell infiltration in the BRCA TME. The ImmuneScore, StromalScore, and ESTIMATEScore were calculated using the “ESTIMATE” package (28–31).



Generation of PyroptosisScore

A scoring system was established to quantitatively evaluate pyroptosis in individual BRCA patients. The process of establishing the scoring system is as follows: The DEGs identified from different pyroptosisclusters were firstly normalized among all samples and the overlap genes were extracted. Differential analysis and Venn diagram showed that there are 8 common differential genes among the three PyroptosisCluster. Then, we performed univariate Cox regression analysis for each gene. These genes with a significant prognosis were extracted for the next step of the analysis. We performed principal component analysis (PCA) to calculate pyroptosis scores using the following formula:

	

where i is the expression of pyroptosis-related genes (32, 33).



Collection of Immunotherapy File

Immunophenoscore (IPS) is a good predictor of CTLA-4 and PD-1 responsiveness and thus the response to immunotherapy. The immune checkpoint inhibitor (ICI) immunophenoscore file was downloaded from the Cancer Immunome Database (TCIA, https://tcia.at/home) (34, 35).



Statistical Analysis

All statistical analyses were conducted using the R (R 4.1.0) software. The student’s t-test (unpaired, two-tailed) was used to evaluate the differences between the two independent groups. One-way analysis of variance (ANOVA) and Kruskal–Wallis test were used as parametric and non-parametric methods, respectively, for data from more than two groups. The best cut-off score between the two groups with high and low PyroptosisScore was derived using the surv-cutpoint function. We applied the “limma” R package to identify the differentially expressed genes (DEGs) (36, 37). The enrichment analysis of gene ontology (GO), functional annotation, and Kyoto Encyclopedia of Genes and Genomes (KEGG) were performed using the “clusterProfiler” package. R packages “survival” and “survminer” were used for survival analysis (38, 39). The mutation landscape in patients was shown using the waterfall function of the “maftools” package (40, 41). If not specified above, P  < 0.05 was considered significant.




Results


Genetic Variation and Expression of Pyroptosis-Related Genes in BRCA

Figure 1 summarizes the common pathways of pyroptosis. We analyzed the incidence of copy number variation and somatic mutations of pyroptosis-related genes in BRCA. Out of 986 samples, only 95 had mutations in pyroptosis-related genes, with a mutation frequency of 9.63% (Figure 2A). The mutation frequency of CASP8 was the highest (2%), and there were significant differences in the expression of certain genes (ELANE, CASP5, CASP1, TNF, N0D2, IL18, NLRP7, NLRP3, and IL1B) between CASP8 wild and CASP8 mutation groups. These results indicated that CASP8 has a mutational co-occurrence relationship with these genes (Supplementary Figure 1).




Figure 1 | Pyroptosis pathways. (A) In the non-canonical inflammasome pathway, bacterial lipopolysaccharide (LPS) recognizes and activates caspase-4/5/11 to cleave gasdermin D (GSDMD) and induce pyroptosis. (B) In the canonical inflammasome pathway, the inflammasomes recruit and bind to ASC (apoptosis-associated speck-like protein containing a CARD), leading to ASC focus, which in turn recruits procaspase-1 and activates caspase-1. Caspase-1 is involved in the cleavage and maturation of proIL-18/1β and cleavage of GSDMD. The released N-terminal fragment of GSDMD (GSDMD-NT) creates pores in the plasma membrane, resulting in the secretion of IL-18/1β and causing water influx, and consequently cell swelling and osmotic lysis. The C-terminal fragment of GSDMD (GSDMD-CT) stays within the cytoplasm. (C) A new pyroptosis pathway revealed that certain stimulations activate caspase-3, a molecular considered as a substrate of apoptosis. Mature caspase-3 induces the cleavage of gasdermin E (GSDME), including its C-terminal and N-terminal fragments (GSDME-CT and GSDME-NT, respectively). Furthermore, GSDME-NT participants in the pore formation, resulting in pyroptosis.






Figure 2 | The landscape of genetic variation and expression of pyroptosis-related genes in BRCA. (A) Genetic alteration on a query of pyroptosis-related genes. (B) Gene expression levels of pyroptosis-related genes in BRCA compared to normal tissue. (C) The location of the CNV alteration of the pyroptosis-related genes changes on 23 chromosomes. (D) The frequency of CNV variation in pyroptosis-related genes. Red dots represent CNV amplification, while green dots represent CNV deletion. *P < 0.05, **P < 0.01, ***P < 0.001.



The expression analysis results showed that compared with the control group, the expression of CASP3, CASP6, CASP8, GSDMD, IL18, NOD2, and PYCARD was significantly higher in the tumor group, whereas that of CASP1, CASP4, ELANE, GPX4, GSDMB, GSDMC, GSEMD, IL1B, IL6, NLRP1, NLRP3, NOD1, PJVK, and SCAF11 was significantly lower (Figure 2B). The results of survival analysis showed that the dysregulation of most pyroptosis-related genes was significantly related to prognosis (Supplementary Figure 2). The high expression of CASP6, CASP5, TIRAP, SCAF11, NLRP7, PLCG1, GSDMC, GSDMD, and NLRC4 was associated with poor prognosis. The high expression of ELANE, CASP9, CASP8, GSDMB, CASP4, CASP1, TNF, NOD1, PYCARD, NLRP6, NLRP3, NLRP2, IL6, NLRP1, IL18, and IL1B was associated with a better prognosis.

The location of CNV (copy number variations) alteration of pyroptosis-related genes on chromosomes is shown in Figure 2C. The CNV alteration in pyroptosis-related genes was mostly related to amplification in the copy number, whereas CASP3, CASP1, CASP4, NLRP6, CASP5, TIRAP, IL18, GPX4, ELANE, and CASP9 had a widespread frequency of CNV deletion (Figure 2D).



Pyroptosis Patterns Mediated by 33 Pyroptosis-Related Genes in BRCA

Our analysis cohort consisted of two BRCA datasets (TCGA–BRCA, GSE42568), OS data, and clinical information (Supplementary Table 1). A univariate Cox regression analysis used to screen pyroptosis-related genes associated with prognosis in BRCA showed that IL18, CASP1, CASP4, and NLRP3 significantly correlated with prognosis (Supplementary Table 3). Based on the expression of pyroptosis-related genes, the “ConsensusClusterPlus” R package was used to classify patients with qualitatively different pyroptosis modification patterns. The three different modification patterns were determined using an unsupervised clustering analysis (Supplementary Figure 3) as PyroptosisCluster A, PyroptosisCluster B, and PyroptosisCluster C (Figure 3A).




Figure 3 | Pyroptosis patterns mediated by 33 pyroptosis-related genes in BRCA. (A) Heat map of the clinical relevance of three pyroptosis subtypes. (B) The abundance of each TME infiltrating cell in three PyroptosisCluster. (C–E) GSVA enrichment analysis showing the activation states of biological pathways in different pyroptosis modification patterns. The heat map was used to visualize these biological processes, and red represented activated pathways and blue represented inhibited pathways. (F) Principal component analysis (PCA) analysis of pyroptosis methylation modification pattern. (G) The overall survival of pyroptosis methylation modification pattern using Kaplan–Meier curves. *P < 0.05, **P < 0.01, ***P < 0.001; NS, Non Significance.



We used the ssGSEA algorithm to analyze the immune cell infiltration of three clusters. We found that PyroptosisCluster C was remarkably rich in innate immune cell infiltration including B cells, CD4 T cells, CD8 T cells, macrophages, eosinophils, mast cells, MDSCs, mast cells, and T helper cells (Figure 3B). Moreover, we found that patients in the PyroptosisCluster C had a survival advantage (Figure 3G). The results of GSVA enrichment analysis showed that PyroptosisCluster A was significantly enriched in matrix pathways, such as ECM receptor interaction, cell adhesion molecules (CAMs) (Figure 3C). PyroptosisCluster C presented enrichment pathways associated with immune activation including the T cell receptor signaling pathway, B cell receptor signaling pathway, NOD-like receptor signaling pathway, Toll-like receptor signaling pathway, chemokine signaling pathway, cytokine receptor interactions, and JAK/STAT signaling pathway (Figure 3E), whereas PyroptosisCluster B was prominently related to immune suppression (Figure 3D). In addition, we found significant differences in the transcription profiles of pyroptosis-related genes between the three different PyroptosisClusters (Figure 3F). Based on the above analysis, we classified the PyroptosisCluster A as an immune rejection phenotype, characterized by innate immune cell infiltration and matrix activation. The PyroptosisCluster B was classified as an immune desert phenotype, characterized by immunosuppression. The PyroptosisCluster C was classified as an immunoinflammatory phenotype, characterized by adaptive immune cell infiltration and immune activation.



Generation of Pyroptosis-Related Genes Signatures

To further study the potential biological characteristics of pyroptosis-related genes, we identified eight overlapping genes, namely NLRP2, GPR132, HLA-E, FXYD5, CDH3, HLA-F, PML, and MSN in the three subtypes (PyroptosisCluster A, PyroptosisCluster B, and PyroptosisCluster C) and performed KEGG and GO enrichment analyses (Figure 4A). These genes showed enrichment of biological processes significantly related to pyroptosis and immunity, confirming that pyroptosis plays a crucial role in the immune regulation of TME (Figures 4B, C). To further verify this regulatory mechanism, we performed an unsupervised cluster analysis using the obtained genes. The results were consistent with the clustering grouping of PyroptosisCluster (Supplementary Figure 4). The unsupervised clustering algorithm revealed three different pyroptosis genome phenotypes, termed gene clusters A–C. We observed significant differences in the expression of pyroptosis-related genes in three gene clusters, which was consistent with the expected results (Figure 4D). The results of survival analysis showed that gene cluster A showed a significant survival advantage, and gene cluster B was significantly related to poor prognosis (Figure 4E). The heat map shows clinical characteristics of PyroptosisCluster and gene cluster (Figure 4F). The opposite characteristics were observed in gene cluster A and gene cluster B.




Figure 4 | Generation of pyroptosis-related genes signatures. (A) Venn diagram showing overlapping genes of three PyroptosisCluster subtypes. (B, C) Results of GO and KEGG enrichment. (D) Gene expression levels of pyroptosis-related genes in three geneCluster. (E) Kaplan–Meier curves showing the overall survival of geneCluster. (F) Heat map of the clinical relevance of PyroptosisCluster and geneCluster. *P < 0.05, **P < 0.01, ***P < 0.001.





Generation of PyroptosisScore

To further analyze the functions of pyroptosis in BRCA, we constructed a scoring system, termed as PyroptosisScore, based on these pyroptosis genes to quantify the pyroptosis pattern of individual BRCA patients. We found that the majority of immune cells were negatively correlated with PyroptosisScore (Figure 5A). The alluvial diagram was used to visualize the changes in the attributes of individual patients (Figure 5B). To study the relationship between PyroptosisScore and patients’ prognosis, the “survminer” program was used to find the best cut-off value. The patients were divided into high and low PyroptosisScore groups. The high PyroptosisScore group was associated with a poor prognosis (Figure 5C). In addition, both gene cluster B (Figure 5D) and PyroptosisCluster B (Figure 5E) had a high PyroptosisScore, whereas both gene cluster B (Figure 4E) and PyroptosisCluster B (Figure 3G) had a poor prognosis. This finding also validated our analysis results. The results of the nomogram plot showed that PyroptosisScore may have a good advantage in long-term survival prediction (Figure 5F). The calibration chart showed that PyroptosisScore had a good performance, with a harmonious consistency (C index = 0.69) between the predicted and observed survival rates (Figure 5G).




Figure 5 | Generation of PyroptosisScore. (A) Correlation between PyroptosisScore and immune cell infiltration. (B) Alluvial diagram showing the connection between pyroptosis cluster, gene cluster, and pyroptosis score. (C) The overall survival of PyroptosisScore. (D) The level of PyroptosisScore in different genecluster sub-groups. (E) The level of PyroptosisScore in different PyroptosiscCluster subgroups. (F) Nomogram to predict 3-, 5- and 10-year OS in the TCGA cohort. (G) Calibration plots of the nomogram to predict OS at 3-, 5- and 10-year. *P < 0.05, **P < 0.01, ***P < 0.001.





Clinical, Tumor Somatic Mutation, and Tumor Microenvironment Characteristics of PyroptosisScore in TCGA–BRCA Cohort

The clinical correlation analysis revealed that patients older than 55 years had a higher PyroptosisScore (Figure 6A). In the patient subgroup, the high PyroptosisScore of types <55 age, T1-2, N1-3, M0, and stage I–II patients was significantly correlated with poor prognosis (Figures 6A–E). The R package “maftools” was used to visualize the differences in the distribution of somatic mutations in the high (Figure 7A) and low (Figure 7B) PyroptosisScore groups. We found that the mutation rate of the two was similar (83.03% and 87.59%). The results of survival analysis showed that the higher tumor mutation burden (TMB) had a poor prognosis (Figure 7C). Among these, H-TMB+H-PyroptosisScore had the worst prognosis (Figure 7D). In addition, no significant differences in TMB between the high and low PyroptosisScore groups were observed (Figure 7E). Furthermore, no significant correlation between PyroptosisScore and DNAss (Figure 7F) and RNAss (Figure 7G) was observed.




Figure 6 | The relationship between PyroptosisScore and clinic in the TCGA-BRCA cohort. The relationship between age (A), T (B), M (C), N (D), stage (E) and PyroptosisScore. The TNM system of cancer staging reflects the extent of tumor growth, where primary tumor (T), nodal status for metastasis (N), and metastasis at the distant organs (M).






Figure 7 | Characteristics of tumor somatic mutation in different PyroptosisScore groups. (A) Waterfall plot of tumor somatic mutation created by groups with a high PyroptosisScore. (B) The waterfall plot of tumor somatic mutation created by groups with a low PyroptosisScore. (C) Kaplan–Meier curves were used to perform survival analyses for patients with low and high TMB. (D) The overall survival of patients was stratified by both PyroptosisScore and TMB using Kaplan–Meier curves. (E) The TMB level was higher in the low PyroptosisScore group. There was no significant correlation between DNAss (F), RNAss (G), and PyroptosisScore.



We further analyzed the characteristics of TME of patients with BRCA and found that a high ImmuneScore was significantly associated with a better prognosis (Figure 8A). No significant correlation between ImmuneScore (Figure 8B), ImmuneScore (Figure 8C), TumorPurity, (Figure 8D), and the prognosis was present. Except for TumorPurity, ImmuneScore, ImmuneScore, and ImmuneScore, all were significantly expressed in the low PyroptosisScore group (Figure 8E). In addition, we found that the low PyroptosisScore group had a more abundant immune cell infiltration pattern (Figure 8F). These findings emphasized the impact of pyroptosis on the BRCA microenvironment and validated our conclusion that the low PyroptosisScore group had more survival advantages than the high PyroptosisScore group (Figure 5C). The results of correlation analysis showed that PyroptosisScore was significantly and positively correlated with macrophages M2, macrophages M0, and resting mast cells. A significant negative correlation was observed with macrophages M1, regulatory T cells, gamma delta T cells, follicular helper T cells, CD8+ T cells, and CD4+ memory-activated T cells (Figure 8G).




Figure 8 | The role of PyroptosisScore in the tumor microenvironment. Survival analysis of ImmuneScore (A), StromalScore (B), ESTIMATEScore (C), and TumorPurity (D) in BRCA patients. (E) The level of ImmuneScore, StromalScore, ESTIMATEScore, and TumorPurity was significantly different in the high and low PyroptosisScore subgroups. (F) The abundance of each TME-infiltrating cell in high and low PyroptosisScore subgroups. (G) Correlation analysis between PyroptosisScore and immune infiltrating cells. *P < 0.05, **P < 0.01, ***P < 0.001.





PyroptosisScore in Immunotherapy

Immunotherapy, especially immune checkpoint blocking therapy, has recently emerged as an important player in the treatment of tumors. We analyzed certain key immune checkpoint genes (PDCD1, PDCD1LG2, HAVCR2, IDO1, CD274, and CTLA4) in BRCA. The expression of these six immune checkpoint genes was significantly higher in the low PyroptosisScore group than in the high PyroptosisScore group (Figure 9A). In addition, PyroptosisScore had a significant negative correlation with these six immune checkpoint genes (Figure 9B). These six immune checkpoint genes were positively correlated with each other (Figure 9C). The results of GSEA enrichment analysis showed that the low PyroptosisScore group was enriched in cancer and immune-related pathways, such as antigen processing and presentation, apoptosis, B cell receptor signaling pathway, chemokine signaling pathway, cytokine receptor interactions, JAK/STAT signaling pathway, MAPK signaling pathway, natural killer cell-mediated cytotoxicity, cancer pathways, primary immunodeficiency, T cell receptor signaling pathway, and VEGF signaling pathway (Figure 9D). The ICI therapy represented by PD-L1 and PD-1 blockade is an effective method to treat certain tumors. To further evaluate the application of PyroptosisScore in BRCA, we obtained the immunotherapy profile of BRCA patients from the TCIA database and found that the low PyroptosisScore group had a higher ICI score and was more sensitive to immunotherapy than the high PyroptosisScore group (Figure 9E). In summary, tumors patients with low PyroptosisScore were characterized by inflammation, abundant immune infiltration, high expression of immune checkpoints, and a better prognosis and response to immunotherapy.




Figure 9 | The role of PyroptosisScore in immunotherapy. (A) The expression of immune checkpoints in high and low PyroptosisScore subgroups. (B) Correlation analysis between PyroptosisScore and immune checkpoint. (C) Correlation analysis between immune checkpoints. (D) GSEA enrichment analysis between high and low PyroptosisScore subgroups. (E) Immunotherapy response between high and low PyroptosisScore subgroups.






Discussion

BRCA is the most common cancer among women globally, with a high morbidity and mortality rate. Numerous studies have emphasized the use of immune system cells as an effective treatment option for various cancers. However, the development of immunotherapy for BRCA is still in its initial stages, and only a few BRCA patients can benefit from immunotherapy. Therefore, there is an urgent need to determine new treatment strategies to improve the prognosis and treatment of BRCA.

Increasing evidence has implicated pyroptosis in the occurrence and development of tumors. Pyroptosis has been shown to inhibit tumor growth in skin cancer, colorectal cancer, and liver cancer (42–46). Pyroptosis can activate the innate immune system, inhibit the development of tumor cells by changing the TME, and even directly kill tumor cells. However, its functions in the BRCA microenvironment and immune response remain elusive.

In this study, we first explored the genetic variations and expression of pyroptosis-related genes based on the TCGA–BRCA and GSE42568 cohorts. Although the mutation frequency of pyrolysis-related genes was low, the majority of them were dysregulated in BRCA patients and related to prognosis. We next classified patients with BRCA according to the expression of pyroptosis-related genes. The unsupervised clustering algorithm resulted in three different pyroptosis patterns (PyroptosisCluster A, PyroptosisCluster B, and PyroptosisCluster C). Among these, PyroptosisCluster C was remarkably enriched in innate immune cell infiltration including B cells, CD4+ T cells, CD8+ T cells, macrophages, eosinophils, mast cells, MDSCs, and T helper cells. In addition, the cluster significantly corresponded to enrichment pathways associated with immune activation including the T cell receptor signaling pathway, B cell receptor signaling pathway, NOD-like receptor signaling pathway, Toll-like receptor signaling pathway, chemokine signaling pathway, cytokine receptor interaction, and JAK/STAT signaling pathway. We classified the PyroptosisCluster C as an immunoinflammatory phenotype, characterized by adaptive immune cell infiltration and immune activation, with a high survival advantage. Similar to the clustering results of PyroptosisCluster, three genomic subtypes were identified based on pyroptosis-related genes. These subtypes were also significantly related to immune activation, confirming the significant role of pyroptosis in immune regulation in TME landscapes.

The low PyroptosisScore group showed a more abundant immune cell infiltration pattern. The TME has been shown to contribute to the occurrence and development of BRCA (47, 48). The study by Bin-Zhi Qian et al. showed massive inflammatory cell infiltration in the TME of BCRA, with the infiltration of CD8+ and CD4+ T cells significantly related to the prognosis of BRCA (49–51). The density of CD8+ T cells is highly associated with immune escape in BRCA; we found that patients in the low PyroptosisScore group had a higher degree of CD8+ and CD4+ T cell infiltration, which was also in line with our expected results. The GSEA results showed that cancer and immune-related pathways were significantly enriched in the low PyroptosisScore group. Further research results showed that the low PyroptosisScore group had a higher level of immune checkpoint gene expression (PDCD1, PDCD1LG2, HAVCR2, IDO1, CD274, and CTLA4), a higher ICI score in CTLA-4/PD-1 immunotherapy, and was more sensitive to immunotherapy than the high PyroptosisScore group. We classified the patients in the low PyroptosisScore group as having hot tumors, characterized by abundant immune cell infiltration in TME and increased sensitivity to immunotherapy. Our findings confirmed the significant role of pyroptosis in shaping different substrates and immune TME landscapes, with a crucial impact on the therapeutic effect of immune checkpoint blockade. We believe that PyroptosisScore can be used as a prognostic biomarker for predicting patient survival, the efficacy of adjuvant chemotherapy, and the clinical response of patients to anti-CTLA-4/PD-1 immunotherapy. In addition, our study provides new insights for cancer immunotherapy, reidentifies “cold tumors” as “hot tumors”, and contributes to the development of new immunotherapies.

Although this study may have a good clinical guiding role, some limitations should be considered. Regarding the sample size, data from TCGA and GEO are not enough. More information needs to be collected. In addition, further experimental research and clinical research to verify our conclusions.



Conclusion

In conclusion, pyroptosis plays a crucial role in the TME and prognosis of BRCA. Evaluating the PyroptosisScore of a single tumor can enhance our understanding of the characteristics of TME infiltration and assist in developing more effective immunotherapy strategies.
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Supplementary Figure 4 | Unsupervised clustering identifies three different geneCluster. (A) Consensus clustering matrix for k = 3. (B) Consensus clustering cumulative distribution function (CDF) for k = 2–10. (C) Relative change in the area under CDF curve for k = 2–9. (D) Distribution of each sample in different clusters when k ranges from 2 to 9.
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The human body and its microbiome constitute a highly delicate system. The gut microbiome participates in the absorption of the host’s nutrients and metabolism, maintains the microcirculation, and modulates the immune response. Increasing evidence shows that gut microbiome dysbiosis in the body not only affects the occurrence and development of tumors but also tumor prognosis and treatment. Microbiome have been implicated in tumor control in patients undergoing anti- angiogenesis therapy and immunotherapy. In cases with unsatisfactory responses to chemotherapy, radiotherapy, and targeted therapy, appropriate adjustment of microbes abundance is considered to enhance the treatment response. Here, we review the current research progress in cancer immunotherapy and anti- angiogenesis therapy, as well as the unlimited potential of their combination, especially focusing on how the interaction between intestinal microbiota and the immune system affects cancer pathogenesis and treatment. In addition, we discuss the effects of microbiota on anti-cancer immune response and anti- angiogenesis therapy, and the potential value of these interactions in promoting further research in this field.
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1 Introduction

The increasing significance of tumor angiogenesis and tumor immune microenvironment in cancer pathogenesis (1) has resulted in the development of anti-angiogenesis therapy and immunotherapy. Numerous studies have reported complex regulatory interactions between the two therapeutic strategies, with increasing clinical research being performed on the use of a combination of these therapies (2). The combined strategy has shown synergistic efficacy in a variety of tumor types (1, 3, 4). For example, a combination of atezolizumab, a PD-L1 monoclonal antibody, and anti-VEGF bevacizumab increased the overall survival of patients with advanced liver cancer in a phase III trial; the combination was approved by FDA in 2019 (5, 6) (Table 1). However, the combination of anti-VEGFR2 and anti-PD-L1 did not improve the survival rate of patients with glioblastoma (7), which could be attributed to the low formation rate of high endothelial venules (HEVs) in these tumors—contrary to the findings in breast cancer and primitive neuroectodermal tumor (PNET) models. HEVs are specialized vascular units present in tertiary lymphoid structures that promote the recruitment and exudation of immature T cells, consequently enhancing cytotoxic T lymphocyte (CTL) differentiation. In addition, the expression of ICAM1 and VCAM1 on HEV-rich endothelial cells (ECs) has been known to promote the homing and migration of immune cells to the tumor (7). The anti-programmed cell death protein 1 (PD-1) therapy alone can only bring survival benefits to a small number of patients with glioblastoma (8) with no improvement in the prognosis as reported by a randomized phase III trial (9). Similarly, both anti-VEGF therapy and immunotherapy are ineffective in highly pro-fibroproliferative tumors, such as pancreatic ductal adenocarcinoma (10), breast cancer, and cholangiocarcinoma, indicating the tumor specificity of the combination therapy (11). The most recent literature reports the incidence of grade 3 immune-related adverse events in 49% of 77 advanced melanoma patients receiving anti-CTLA-4 and anti-PD-1 combined immune checkpoint blocking therapy (ICB) and demonstrates the correlation between intestinal microbiota and the response of ICB. Finally, it was proved that the abundance of Bacteroides in the intestinal tract of patients with toxicity was significantly increased, and Bacteroides were associated with intestinal IL-1β and colitis of patients, and the intestinal flora of tumor-bearing mice could mediate the intestinal toxicity induced by ICB through IL-1β.


Table 1 | Ongoing phase III clinical trials involving combinations of anti-angiogenic inhibitors and cancer immunotherapeutics.



Lederberg et al. (12) referred to the human microbiome as a general term for all microorganisms, including bacteria, fungi, and viruses, as well as their genetic information and metabolites, present in different parts of the human body (such as the gastrointestinal system, respiratory system, skin, reproductive system, and oral cavity).

The human microbiota, often referred to as the “forgotten organ”, (13) comprises 100 times more metagenomes than the human genome. The microbiota participates in key functions related to human health (14), including physiological (15) activities such as nutrition absorption, vitamin synthesis, exogenous substance metabolism, and immune regulation. An imbalance in their abundance is closely related to infections, autoimmune diseases, obesity, diabetes, cardiovascular diseases, and cancer (16, 17).

Studies have implicated chronic infections as a contributory factor to the development of cancer, with about 18% of the global cancer burden directly attributable to infectious agents (18–20). A breakthrough in cancer research occurred in 2017 when researchers and clinicians reported an intricate link between cancer and commensal bacterial species (21).

These findings were confirmed by studies on sterile animals showing that microbial flora in various organs, including skin (22) colon (23), liver (24), breast, and gastrointestinal tract (25), can promote both hereditary and carcinogenic cancers. Emerging evidence shows crosstalk between the tumor microbiome and the gut microbiome. For example, metabolites released by gut microbiota modulate the immune response to pancreatic cancer affecting its progression, immune response, and treatment (26). Metastatic lesions in colorectal cancer are known to be associated with several bacteria including Fusobacterium and its associated microbiota, such as Bacteroides, Selenomonas, and Prevotella (27). Epidemiological correlation analysis of colorectal cancer patient cohort and transplantation of patient-derived tumor cells into immunodeficient mice showed that mouse xenografts retained Fusobacterium and its associated microbiota. In addition, antibiotic treatment reduced tumor growth in Fusobacterium-positive mice. Clostridium, a member of the oral microbiota, is associated with colorectal adenoma and adenocarcinoma in human and intestinal tumors in mice (28, 29). In addition, biological disorders and infections caused by excessive use of antibiotics may increase the incidence of certain cancers. Although the use of certain antibiotics has been shown to reduce the incidence of gastric cancer and colorectal cancer, a large-scale epidemiological study (30) conducted in humans reported that exposure to antibiotics may increase the frequency of lung cancer, prostate cancer, and bladder cancer. For instance, excessive use of tetracycline and sulfonamides has been reported as a risk factor for breast cancer.



2 Current Classification and Mechanism Of Tumor Immunotherapy

The immune system is the guardian of our body’s integrity, protects the system from foreign invaders including bacteria, viruses, some other pathogens and uncontrolled cancer cells (31). Normally, when tumor cells invade the body’s healthy tissues, the immune system can recognize and eliminate tumor-associated antigens (TAAs) expressed on their surfaces (32). However, tumor cells can inhibit the host immune system through a variety of mechanisms to escape the attack of the immune system. There are four main mechanisms of tumor immune escape: First, the expression of its surface antigen is down- regulated to reduce its immunogenicity, so that it cannot effectively activate the body’s immune system. Second, the expression of immune checkpoints on the cell surface (such as PD-L1) is upregulated to inhibit the activity of T lymphocytes and escape the body’s immune system. Third, immunosuppressive cells [myeloid-derived suppressor cells (MDSCs) and regulatory T cells (Tregs)] are recruited to the tumor immune microenvironment, where they secrete cytokines to evade the immune response of the body to tumor cells. Fourth, acidic and toxic metabolites are released to inhibit the activity of immune cells in the tumor microenvironment (TME).

In recent years, a deep understanding of the mechanism underlying tumor immune escape (33) has resulted in the development of several immunotherapies (Figure 1), Since the development of the first tumor immunotherapy drug interferon (IFN)-α, several immunotherapy drugs, such as immune checkpoint (PD-1/PD-L1, CLTA-4, etc.) inhibitors, CAR T cell therapy, tumor vaccine, and oncolytic viruses, have been approved because of their good therapeutic effects. In December 2013, Science named tumor immunotherapy as the top 10 scientific and technological breakthroughs of the year, and the 2018 Nobel Prize in physiology/medicine was awarded in this field. Different immunotherapy strategies include cytokine immunotherapy (34); antibody immunotherapy including therapeutic monoclonal antibody (35), immunosuppressive cell MDSCs and Treg monoclonal antibody (36), and immune checkpoint inhibitor monoclonal antibody (37); cellular immunotherapy such as chimeric antigen receptor T cell (CAR-T) immunotherapy (38) and chimeric antigen receptor natural killer (NK) cell (CAR-NK) (39, 40) immunotherapy and tumor vaccine immunotherapy (41–43). The combination of multiple immunotherapies is known to improve the efficacy, gradually making it an effective approach for future cancer treatment. However, immunotherapy has certain shortcomings (44). For example, the cell source of dendritic cell (DC) vaccine is limited and its treatment cost is high. Genetic vaccines are prone to degradation by nucleases in vivo and are associated with the risk of causing genetic mutations in normal cells. In addition, several malignant tumors can evade the surveillance mechanism of the immune system through a variety of ways. Therefore, a single immunotherapy method is insufficient to eradicate the tumor or provide long-term anti-tumor immune response. In this regard, combinations of multiple immunotherapies can improve effective and increase the long-term anti-tumor effect.




Figure 1 | Mechanism of tumor cell immune escape. Normally, cytotoxic T lymphocytes kill tumor cells by recognizing antigenic determinants on the surface of tumor cells and secreting cytokines, Immune escape can be achieved by reduce their immunogenicity by reducing the expression of their own antigens, expressing immune checkpoint molecules, recruiting B cell and MDSC, and releasing acidic or toxic substances to escape the surveillance of the body’s epidemic system.





3 Potential of the Combination of Immunotherapy and Antiangiogenesis Therapy for Cancer

Tumor angiogenesis is a prominent marker of cancer cells (45). Angiogenesis stimulates tumor growth, progression, and metastasis by providing nutrition to tumor cells (46). The primary mediator of tumor angiogenesis is VEGF-A (47, 48), commonly known as VEGF, whose functions are exerted through the receptor tyrosine kinase VEGFR-2. VEGF inhibition increases the antigen presentation of DCs (49) and improves T cell migration from lymph nodes to the tumor site by normalizing the tumor vascular system (50). In addition, the numbers of Tregs, TAM, and MDSCs was inhibited (51) and the expression of immunosuppressive cytokines was negatively regulated. Therefore, VEGF inhibitors can reprogram the immunosuppressive TME into an immunostimulatory environment (Figure 2) (52). The application of PD-1/PD-L1 antibody can enhance the anti-tumor activity of T cells. As mentioned above, a combination of VEGF and PD-1/PD-L1 inhibitors can promote anti-tumor immunity. First, VEGF inhibition promotes the maturation of DCs, leading to an effective initiation and activation of T cells (53). Second, anti-VEGF antibody normalizes tumor vessels and promotes the effective recruitment of T cells to tumors (50). Third, anti-VEGF antibody inhibits MDSCs, Tregs, and TAMs, resulting in the reprogramming of immunosuppressive microenvironment into an immunostimulatory microenvironment (52). Fourth, PD-1/PD-L1 antibody can restore the ability of T cells to attack tumor cells. These four mechanisms can effectively inhibit tumor growth and provide cancer immunity. In addition, antiangiogenesis therapy treatment induces the formation of high endothelial venules (HEVs) (48), which promote T cell infiltration into solid tumors, thus improving the immune responses to cancer. These studies confirm that interventions targeting angiogenesis signaling in the TME can enhance the immunotherapy response (7).




Figure 2 | Immune suppressive microenvironment induced by VEGF: VEGF enhances the mobilization and proliferation of various cells, including regulatory T cells (Tregs), and the release of immunosuppressive cytokines. It also enhances the mobilization of tumor-associated macrophages (TAM) and their polarization to the M2 phenotype. VEGF also activates myeloid - derived suppressor cells (MDSCs), resulting in the release of more VEGF. In addition, VEGF inhibited dendritic cell maturation and antigen presentation during initiation. Thus, VEGF reduces the proliferation and activation of initial CD8+ cells by inhibiting the activity of dendritic cells even in the presence of neoantigens.





4 Microbiome Influences Immunotherapy and Antiangiogenesis Therapy


4.1 The Role of Microbiota in Carcinogenesis


4.1.1 Mechanism of Promoting Tumorigenesis by the Microbiome

Bacteria were first observed in tumors by Koch and Pasteur in the 19th century. In 1890, William Russell reported a cancer parasite. However, the concept that stated the presence of microorganisms inside tumors was refuted in the first half of the 20th century.

Nevertheless, growing evidence has led to the recognition that microorganisms can grow before a tumor originates and regulate the systemic responses to the tumor through their interactions with the immune system (25, 54, 55). For example, human cancer viruses can promote tumorigenesis by integrating oncogenes into the host genome. In addition, microorganisms can affect the stability of the genome, resulting in resistance to cell death and increased proliferation, which are known to drive the transformation. PKS+ Escherichia coli and colibactin-expressing E. coli can increase the probability of increase the probability of mice with intestinal tumor. Furthermore, studies support the role of enterotoxigenic Bacteroides fragilis in human and animal colon cancer models. Both E. coli and lethal cytotoxin (CDT) can cause double-stranded DNA damage in mammalian cells (56), whereas vulnerable bacteroidotoxin (BFT) acts indirectly by triggering the production of high levels of reactive oxygen species (ROS), thereby damaging the host DNA (57). Long- term high levels of ROS may exceed the host’s DNA repair mechanism, leading to DNA damage and mutations. In addition to destructive DNA, several microbial proteins (58) are known to be involved in the host carcinogenesis through the Wnt/β-catenin signaling pathway to regulate the stemness, polarity, and growth of cells. B. fragilis (59), which secretes enterotoxin, can stimulate the cleavage of E-cadherin by BTF, leading to the activation of β-catenin (60). Salmonella typhimurium strains can cause chronic infection by secreting a protein named Avra, which activates epithelial β-catenin (61) signaling and is associated with the development of hepatobiliary carcinoma (62, 63).

Helicobacter pylori is considered a carcinogenic pathogen and causes gastric atrophy and low hydrochloric acid. Helicobacter-induced gastric cancer is mediated by a complex interaction involving the microbiome. Bacterial overgrowth in the stomach subsequently increases the bacterial conversion of dietary nitrates to carcinogens (25). In contrast to promoting gastric cancer, patients infected with CagA- positive H. pylori have a lower risk of esophageal adenocarcinoma than those infected with CagA- H. pylori (64, 65). CagA+ H. pylori reduces the risk of human esophageal adenocarcinoma, which indicates the organ-specific role of the microbiome in carcinogenesis. In addition to gastric cancer, H. pylori can cause lung tumors (66). The lipopolysaccharide of H. pylori can induce the production of proinflammatory factors including interleukin (IL)-1, IL-6, and TNF1 that may induce chronic bronchitis, often accompanied by lung cancer (67). FADA, an adhesin produced by C. nucleatum promotes tumor development in CRC patients (68). It binds to E-cadherin and activates the Wnt/β-catenin signal transduction pathway to induce carcinogenesis. Certain microbiomes such as Bacteroides and Burkholderia are responsible for anti-tumor effects. In both cases, the growth of these bacterial species enhanced the T cell response.



4.1.2 Mechanism of Inhibiting Tumorigenesis by the Microbiome

The gut microbiota participates to the efficacy of immunotherapy (CpG+anti-IL-10, CTLA-4blockade) (Figure 3). There is evidence that the wider community of commensal gut bacteria might modulate cancer risk and progression through competitive exclusion and other mechanisms (68). SCFAs (short­chain fatty acids), a microbial metabolites, produced during the colonic fermentation of otherwise indigestible carbohydrates (fibres or resistant starches), play a major role in maintaining intestinal homoeostasis and overall gut health. The SCFAs suppress the growth of Gram­negative pathogens, function as energy sources for colonocytes as well as other bacteria, dampen inflammation, and promote apoptosis of cancer cells (69). As such, bacteria involved in the biosynthesis and metabolism of short­chain fatty acids are actively involved in maintaining a stable and healthy gut community. Lower abundance of beneficial bacteria that produce short­chain fatty acids have been consistently observed across studies of colorectal cancer and experiments in murine models effectively show that dietary fibre protects against colorectal tumorigenesis in a microbiota­dependent and butyrate­dependent manner (70, 71).




Figure 3 | Anticancer effect of microbiota. The gut microbiota participates to the efficacy of immunotherapy (CpG+anti-IL-10, CTLA-4blockade) (A, B): modulation of myeloid-derived cells production of TNF-a and reactive oxygen species (ROS) in mice (A), enhancement of Bacteroidales-specific memory T cell responses in mice and patients and of DC maturation in mice (B).



Recently, more direct evidence in favor of the capacity of commensal bacteria to promote tumor immune surveillance was provided by comparing the growth of melanomas and their infiltration by IFN-γ producing CTLs in C57BL/6 mice from two different providers, Jackson Laboratories (JAX) and Taconic Farms (TAC) (72). TAC mice with poor immune surveillance exhibited a relative loss of Bifidobacterium species. Oral feeding of TAC mice with Bifidobacterium their cohousing with JAX mice restored defective processing and presentation of tumor antigens by dendritic cells (DCs), re-established infiltration of melanomas by CTLs and reduced malignant growth.




4.2 Microbiome Regulation as an Adjunct to Cancer Treatment

Several strategies to regulate the microbiota are being developed for a variety of human diseases, including cancer. These include the use of FMT (fecal microbiota transplantation), which is a safe and effective approved treatment for C. difficile relapse and is currently being experimentally used to treat inflammatory bowel a metabolite of bacteria disease (73), metabolic diseases (74) and cancer (75). In addition, other strategies for manipulating the microbiome are being studied for a variety of diseases, including probiotic administration. The term “probiotics” refers to a combination of bacteria or live bacteria that benefit the host’s health in an appropriate abundance. Another approach is to inject microbial consortium to improve human health since the early 20th century when Meichenikov won the Nobel Prize for his work in immunology based on the theory that administering microorganisms may exert beneficial effects. Lactobacillus and Bifidobacterium are the most commonly used probiotics in clinical practice (76). Other bacteria used as probiotics include Saccharomyces boulardii and Bacillus species. Probiotics affect the intestinal ecosystem by regulating the intestinal mucosal immunity, interacting with symbiotic bacteria or potentially harmful pathogens, producing metabolites such as SCFAs and bile acids. In addition, they act on host cells through signaling pathways and contribute to the suppression and elimination of potential pathogens, improve the intestinal microenvironment, strengthen the intestinal barrier, reduce inflammation, and enhance antigen-specific immune responses (77).

In the past few years, probiotics have been widely studied for their functions in humoral, cellular, and non-specific immune regulation, promoting immune barrier (78), increasing the production of peripheral immunoglobulin, stimulating IgA secretion, and reducing the production of pro-inflammatory cytokines. Recently, the International Association for Probiotics and Probiotics Science (ISAPP) has proposed a consensus definition, which defines prebiotics as “a substrate selectively used by host microorganisms endowed with health benefits” (79). GOS, a prebiotic consisting of galactose residues with glucose or galactose at the end, has been widely used in infant formula and other confectionery and beverages (80), as well as commercially available probiotics Bifidobacterium and Lactobacillus (81). Akkermansia muciniphila (AKK) is a kind of intestinal symbiotic bacterium that colonizes the mucosal layer and plays a crucial role in improving metabolic disorders (82) and immune response (83) of the host. Studies have shown that a combination of IL-2 and AKK exerts a strong anti-tumor effect on tumor tissues from colorectal cancer patients. Oral administration of AKK in subcutaneous melanoma and colorectal tumor-bearing mice enhanced the therapeutic effect of IL-2 significantly. The anti-tumor immune response initiated by AKK is partially mediated by Amuc_1100, which is derived from the outer membrane protein of AKK through the activation of the TLR2 signaling pathway (84). In addition, oral AKK supplementation protects the intestinal barrier function and maintains mucosal homeostasis in response to systemic IL-2 therapy (85). The abundance of A. muciniphila was increased about 100 times in genetically obese mice by administering prebiotic fructooligosaccharides (86). Fructooligosaccharides are fermented more rapidly and produce more butyric acid than inulin (87). In a simulated microbial environment (88), the addition of inulin increased the abundance of homogeneous or cocoa bacteria. Xylo-oligosaccharides (XOS) are produced from lignocellulosic materials rich in xylan. Studies have shown that certain probiotics such as Bifidobacterium and Lactobacillus plantarum use XOS more selectively due to the presence of xylanase system. Mannose oligosaccharides (MOS), oligomers composed of mannose residues, have been widely used to improve the growth and health performance of livestock and aquaculture. For example, the number of C. perfringens and E. coli decreased and the relative number of Lactobacillus increased when MOS was added to chicken feed (89).



4.3 Microbiome and Immunotherapy

The crosstalk between intestinal microbiota and the immune system is crucial both to develop tolerance to symbiotic bacteria and oral food antigens and prepare the immune system to recognize and attack opportunistic bacteria, thereby preventing bacterial invasion and infection (90). In addition to affecting the local immune response, the microbiota exerts an immense impact on innate and acquired immunity at multiple levels (91), as evident from the studies conducted using preclinical models (92). For example, sterile (GF) mice lacking intestinal microbiota developed severe immune deficiency, loss of mucus layer, changes in immunoglobulin A (IGA) secretion, and alterations in the size and function of Peyer’s patches and draining of mesenteric lymph nodes. Thus, microbes play a pivotal function to shape the immune system. Studies in GF or antibiotic-treated mice (93) have demonstrated impaired response to intratumoral injection of Toll-like receptor (TLR) agonists. The tumor-associated myeloid cells were activated by symbiotic intestinal bacteria via the TLR4 signaling to produce TNF and other inflammatory cytokines, which mediate the anti-tumor effects of these drugs. Bacteria have been implicated in the development of the stomach (63) (H. pylori) and colorectal cancer (94) (Fusobacterium nucleatum) by directly affecting the lumen mucosa through several different mechanisms.


4.3.1 Effect of Gutmicrobiota Microbiota on Immune Checkpoint Blockade

Although the immune system has evolved to fight against invading pathogens, a delicate balance exists on the gut immune axis, that is, the tolerance to key symbiotic intestinal microbiota and food antigens, and the defense against intestinal pathogenic microbiota. Despite our incomplete understanding, there is growing evidence of numerous mechanisms which gut microbes may affect local and systemic immunity (72, 95–97). Gut microbiota is essential for maintaining the integrity of the mucosal barrier and preventing intestinal leakage. Intestinal leakage can allow the pathogenic or normal symbiotic bacteria to enter the bloodstream, activate pattern recognition receptors in distant locations, and trigger an immune response (98). (Figure 4). The gut microbiota and its metabolites, such as short-chain fatty acids (SCFAs) may disrupt the balance of anti-inflammatory and pro-inflammatory cytokines locally and systematically, thus disturbing the proportion of regulatory and helper T cell subsets (99). To effectively evade the infection, gut microbiota activates local phagocytes through tension signals (100). The effects of biological disorders on the immune function of the normal system include increased susceptibility to certain infections and altered response to vaccines (101). Increasing evidence suggests that biological disorders can affect both local and systemic anti-tumor immunity in a similar manner. For example, repeated exposure to antibiotics may be associated with an increased risk of cancer.




Figure 4 | Complex interplay between gut and tumor microbiome and the host immune system. Complex interplay of the gut and tumor microbiome and the host immune system. APC, antigen-presenting cells; IgA, immunoglobulinA; MHC, major histocompatibility complex; Tregs, regulatory T cell; MDSCs, myeloid-derived suppressor cells; PD-L1, programmed death ligand 1.



As part of the immune response, microbial-associated molecular patterns are responsible for providing “danger signals” that trigger the immune response. Gut microbiota determines the “tension” of immune response and thus plays an adjuvant role in immunotherapy (102). Three studies in Science support the idea that the composition of the gut microbiome modulates the response to immunotherapy in patients with epithelial tumors, including non-small cell lung (103) and kidney cancers (104) and melanoma (105) by blocking anti-PD-1 or PD-1 ligand 1(PD-L1). A study on non-small cell lung cancer showed that the biological dysregulation caused by broad-spectrum antibiotics was associated with the failure of targeted immunotherapy of PD-1 or PD-L1 in patients and mice. Fecal microbial transplantation (FMT) of sterile mice that responded to PD-1 therapy had enhanced anti-tumor immunity compared with mice that received FMT from unresponsive donors. The level of anti-tumor CD8+T cells was increased in mice receiving FMT from responders, whereas the level of immunosuppressive CD4+T cells was lower in mice receiving FMT from non-responders.




4.4 Microbiome and Antiangiogenesis Therapy

Angiogenesis is one of the hallmarks of tumors and therefore one of the primary anti-cancer therapeutic approaches is to block angiogenesis, especially in solid tumors. Several bacterial strains have been reported to colonize the tumor environment and exert their oncolytic properties (Figure 5). Thus, a combination therapy using tumor-targeting bacteria along with anti-angiogenesis therapy can be effective in inhibiting angiogenesis and preventing tumor growth. The anti-tumor effect can be further enhanced by genetically engineering the bacteria to produce and secrete anti-angiogenic factors.




Figure 5 | Schematic diagram showing the interaction of gut microbiota with immune cells and tumor vascular microenvironment. Schematic diagram of the interaction of gut microbiota and various microorganisms with immune cells and tumor vascular microenvironment.Intestinal microbiota and its secretions interact with immune cells such as macrophages and neutrophils to induce vascular remodeling and inhibit epithelial mesenchymal transition by regulating the processes of vascular inflammatory injury and hypoxia microenvironment.




4.4.1 Regulation of Tumor Angiogenesis by Microbial Metabolites

An array of studies has elucidated that metabolites secreted by microbiota can regulate tumor angiogenesis. Butyrate, an SCFA derived from the microbiota, participates in a series of cellular processes in a concentration-dependent manner. Low concentration sodium butyrate (NaBu) has been proved to promote angiogenesis (106). Nicotinic acid effectively resists iodoacetamide-induced colitis by improving pathological angiogenesis and inflammation in a GPR109A-dependent manner (107). A study demonstrated that a polypeptide of E. coli and its tripeptide analogs promoted tumor cell invasion and angiogenesis, thus potentially affecting tumor metastasis (108). Intestinal microbiota can selectively activate mucosal endothelial and mesenchymal cells to promote specific angiogenesis in a TLR- and NLR-dependent manner (109). This innate immune-mediated response may expand the mucosal microvascular network, promote the recruitment of immune cells, and lead to chronic intestinal inflammation. Remote ischemic preconditioning can prevent the increase in tumor burden caused by the congestion of the superior mesenteric vein and bacterial translocation due to portal vein occlusion by maintaining intestinal integrity and reducing bacterial translocation. Therefore, regulating liver exposure to enterogenous bacterial products is the key mechanism to mediate postoperative recurrence of hepatocellular carcinoma (110). Disturbance in intestinal microcirculation secondary to severe acute pancreatitis (SAP) can damage the intestinal mucosal barrier, intestinal microbiota translocation, and sepsis. The glycocalyx on vascular endothelium sustains its normal function by regulating the vascular permeability and inhibiting the intercellular adhesion. A study revealed that the glycocalyx degradation of endothelial cells during SAP was related to the damage of mesenteric microcirculation (111). In colitis, blood vessel epicardial substance (BVES) effectively limits the deterioration of mesenteric immune response and intestinal tissue damage caused by increased bacterial colonization and translocation. In addition, it is found that BVES is underexpressed in severe colitis (112).



4.4.2 Influence of Intestinal Microbiota Structure on Tumor Antiangiogenesis Therapy

In addition to the metabolites secreted by the microbiota, the changes in the structure and composition of intestinal microbiota affect the tumor antiangiogenesis therapy. Certain studies have shown that a high-fat diet aggravates choroidal neovascularization (CNV) by changing the intestinal microbiota (113). Obesity is associated with intestinal disorders, usually manifested as mild inflammation, which subsequently affects vascular function. A high-fat diet in pregnant women can cause changes in the intestinal microbiota, impairing the intestinal barrier function, Furthermore, the placentas of obese pregnant women show vascular immaturity, hypoxia, increased levels of inflammatory transcription, autophagy, and changes in endoplasmic reticulum stress markers (114). Probiotics can significantly improve the intestinal barrier, reduce endothelial dysfunction and LPS-induced vascular oxidative stress, and decrease metabolic endotoxemia. In addition, it restores the increase in vascular superoxide levels in obese mice by reducing NADPH oxidase activity and increasing antioxidant enzymes (115). The intestinal microbiota can promote the interaction of intestinal mucosal cells with specific proteins to enhance signal transduction. Tissue factor (TF) is a kind of membrane receptor that activates the extrinsic coagulation pathway and promotes tumor growth and angiogenesis. Intestinal microbiota activates coagulation proteases and phosphorylates the TF cytoplasmic domain in the small intestine by localization of TF on the cell surface to effectively promote TF glycosylation. However, the anti-TF treatment decreased the intestinal vascular remodeling and Ang-1 expression induced by microbiota (116). Ang is a kind of antibacterial peptide secreted by the intestine; a change in Ang in feces has been reported in patients with inflammatory bowel disease. The expression of Ang1 in the intestinal microbiota of mice is induced by direct binding of α-Proteus destructs the integrity of the cell membrane to inhibit the growth α-Proteus, thus promoting the growth of Spirillum. The deletion of Ang-1 reduces the abundance of Trichospirillum α- Proteus increased, which aggravates DSS-induced colitis. Oral administration of Ang-1 is known to restore the intestinal microbiota composition of Ang-1-deficient mice, ultimately relieving colitis. Therefore, targeting Ang could be a potential therapeutic target for intestinal diseases associated with dysbacteriosis (117).





5 Discussion

The human microbiome comprises trillions of microbes that live on and within the human body. The symbiotic evolution of microbes within the human body is associated with several health benefits, including absorption of nutrients and maintenance of the integrity of the mucous membrane barrier. It is increasingly evident that the regulation of intestinal microbiota may represent a novel and important auxiliary means of current anti-cancer treatment. The regulation of probiotics and fecal bacteria transplantation indirectly regulate human health by affecting the microbial composition and structure of the body, which is a safe and effective method to treat recurrent C. difficile infection. The infinite potential of microbial regulation can be harnessed as adjuvant cancer immunotherapy. Numerous studies have suggested an interplay between traditional Chinese medicine (TCM) and gut microbiome to maintain a healthy host–microbiome holobiont status. Studies are being conducted to assess the physical interactions between the gut microbiome and the chemical composition of Chinese herbs. Studies have shown that obese mice treated with Ganoderma can lose weight by transplanting fecal bacteria. Similarly, Gegenqinlian decoction improves the blood glucose levels by altering the intestinal microbiota in patients with type 2 diabetes mellitus. Dajianzhong decoction (DJZT) can increase the abundance of Clostridium and Lactococcus lactis. Furtherexperiments show that DJZT can significantly improve the ability of fecal microorganisms to metabolize ginsenosides. Thus, TCM remodels the gut microbiota to enhance the overall health status and can play an efficient role in selectively promoting the growth of symbiotic probiotics. Similarly, polysaccharides extracted from Chinese herbs have been shown to exert prebiotic effects in vitro.

Being a very recent research field, there remain unsolved questions, in particular about the mechanism by which gut microbes interact with the human body and the exact bacterial species or groups of bacterial species that mediate anti-tumor effects. Thus, further studies are warranted in all areas ranging from basic research and translational research to clinical research and epidemiological analysis. A multifaceted strategy is required to monitor and adjust these factors to achieve optimal levels of health and effective treatment of cancer.
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Background

The International Prognostic Index (IPI) is widely used to discriminate the prognosis of patients with diffuse large B-cell lymphoma (DLBCL). However, there is a significant need to identify novel valuable biomarkers in the context of targeted therapy, such as immune checkpoint blockade (ICB).



Methods

Gene expression data and clinical DLBCL information were obtained from The Cancer Genome Atlas and Gene Expression Omnibus datasets. A total of 371 immune-related genes in DLBCL patients associated with different IPI risk groups were identified by weighted gene co-expression network analysis, and eight genes were selected to construct an IPI-based immune prognostic model (IPI-IPM). Subsequently, we analyzed the somatic mutation and transcription profiles of the IPI-IPM subgroups as well as the potential clinical response to immune checkpoint blockade (ICB) in IPI-IPM subgroups.



Results

The IPI-IPM was constructed based on the expression of CMBL, TLCD3B, SYNDIG1, ESM1, EPHA3, HUNK, PTX3, and IL12A, where high-risk patients had worse overall survival than low-risk patients, consistent with the results in the independent validation cohorts. The comprehensive results showed that high IPI-IPM risk scores were correlated with immune-related signaling pathways, high KMT2D and CD79B mutation rates, and upregulation of inhibitory immune checkpoints, including PD-L1, BTLA, and SIGLEC7, indicating a greater potential response to ICB therapy.



Conclusion

The IPI-IPM has independent prognostic significance for DLBCL patients, which provides an immunological perspective to elucidate the mechanisms of tumor progression and sheds light on the development of immunotherapy for DLBCL.





Keywords: diffuse large B-cell lymphoma, immune prognostic model, nomogram, immunotherapy, tumor microenvironment



Introduction

Diffuse large B-cell lymphoma (DLBCL) accounts for approximately 40% of non-Hodgkin B-cell lymphoma, with an annual incidence rate of over 100,000 cases worldwide (1, 2). Although the current frontline DLBCL therapy (the standard R-CHOP chemotherapy regimen) is associated with a high complete response rate of 70%–80%, 10%–15% of DLBCL patients are refractory, and almost 40% of patients experience relapse within 2–3 years after initial response (3, 4). With the development of high-throughput technologies, germinal center B-cell-like and activated B-cell-like DLBCL subtypes were identified by gene expression profiling based on cell-of-origin classification (5–7). More recently, several key cytogenetic alterations including mutations, somatic copy number alterations, and structural variants have been shown to classify distinct genetic subtypes within the cell-of-origin subgroups, providing insights into heterogeneous disease pathogenesis and candidate treatment targets (1, 3, 7–9). Several prognostic factors including cell-of-origin and the International Prognostic Index (IPI) have already been identified in the rituximab era, which still need further investigation in the context of targeted therapies (7, 9–12). Therefore, there is an urgent need to explore potential molecular mechanisms and identify key biomarkers and therapeutic targets.

Accumulating evidence has shed light on the prognostic role of the tumor microenvironment (TME) in immune checkpoint blockade therapy (ICB), which is mostly composed of a variety of immune cells (T, NK, and B cells as well as macrophages) and stroma (blood vessels and extracellular matrix [ECM]) (13–16). Kotlov et al. (11) characterized the DLBCL TME into four distinct microenvironment compositions including “germinal center-like” (GC), “mesenchymal” (MS), “inflammatory” (IN), and “depleted” (DP) form, which are associated with distinct clinical behavior and provide novel potential targets for innovative therapeutic interventions.

In this study, we identified immune-related hub genes in DLBCL patients at different IPI levels by weighted gene co-expression network analysis (WGCNA) and constructed an IPI-based immune-related prognostic model (IPI-IPM). We then characterized the somatic mutation and transcription profiles of the IPI-IPM subgroups, investigated the expression of several inhibitory immune checkpoints between low- and high-risk subgroups, and applied an unsupervised clustering algorithm to analyze the gene expression pattern of lymphoma microenvironment (LME) signatures. The results showed that IPI-IPM was a promising prognostic biomarker, which also has potential for use in patient management.



Results


Identification of Immune-Related Genes Associated With IPI in DLBCL Patients

A flowchart is shown to demonstrate the procedure and results of our study (Figure 1). RNA-seq data of 570 DLBCL patients were obtained from The Cancer Genome Atlas (TCGA) (48 from TCGA-DLBC, 41 from CTSP-DLBCL1, and 481 from NCICCR-DLBCL). Among the 566 DLBCL patients with overall survival (OS) data, 321 (56.71%) were male and 245 (43.29%) were female. The age of the patients ranged from 14 to 92 years (median, 62 years) at initial diagnosis. Other clinical characteristics, including follow-up period, Ann Arbor stages, lactate dehydrogenase (LDH) ratio, Eastern Cooperative Oncology Group (ECOG) performance status, and number of extranodal sites, are documented in Table 1 and Supplementary Material 1. To remove the batch effect among these three projects, we utilized the ComBat-seq function to transform the raw count data using the sva R package. Then, principal component analysis was performed to show that there was no obvious batch effect among the samples (Figure 2A). After excluding samples with unrecorded IPI scores or with an IPI score crossing risk groups (such as 1–5 or 3–4), 458 DLBCL patients were divided into low-risk (n = 118), intermediate-risk (n = 221; 106 at low-intermediate risk, and 92 at high-intermediate risk), and high-risk groups (n = 109) (Table 1). Consistent with previous publications, patients in the low-IPI risk group had a much longer OS (Figure 2B).




Figure 1 | A flowchart for the process of the present study.




Table 1 | Clinical characteristics of 570 DLBCL patients from the TCGA.






Figure 2 | Analysis of immune-related genes in DLBCL patients of different IPI risk groups. (A) Principal component analysis of RNA-Seq count data from three included projects. (B) Survival analysis of overall survival between IPI Risk groups. (C) Gene set variance analysis (GSVA) of enriched gene sets between IPI Risk groups. (D) Volcano plot of differentially expressed immune-related genes (DEGs) between the high and low IPI risk groups.



As shown by gene set variation analysis (GSVA), ECM receptor interaction, CD28-dependent PI3K/AKT signaling, IL-6-type cytokine receptor ligand interaction, and other immunologic signaling pathways were significantly enriched in the low-risk group (Figure 2C and Supplementary Figures S1A, B). A total of 4,651 genes (633 upregulated and 4,018 downregulated) were significantly differentially expressed between the IPI high- and low-risk groups (Supplementary Figures S1C, D and Supplementary Material 2). By intersecting with the immunologic signature gene sets (combining 20,837 genes from ImmuneSigDB and Immport, Supplementary Material 3), 1,927 immune differentially expressed genes (DEGs) (254 upregulated and 1,673 downregulated) were identified for further analysis (Figure 2D and Supplementary Figures S1E, F).

We applied variance-stability-transformed (VST) expression data via DESeq2 as the input data for WGCNA, including 13,329 genes with the top 25% variance among all samples (Figure 3A). All clinical characteristics were enrolled as trait variables, and the best β value in the co-expression network was calculated to be 9 (Supplementary Figure S2B). The distance threshold for merging modules was set to be 0.30, so as to construct a reasonable number of merged modules (Supplementary Figures S2A, D). As shown in the module–trait relationship, eight modules were significantly correlated with the IPI group (Figure 3B), and a high correlation (p < 0.0001) between gene significance of IPI risk groups and gene module membership was found in the genes of three modules (brown, pink, dark red) (Figure 3C and Supplementary Figures S2E, G). By intersecting 4,106 genes from the top three IPI-correlating modules with 1,927 immune DEGs, a total of 371 genes were identified as immune-related genes associated with IPI, which were used for prognostic risk model construction (Supplementary Figure S2H). Several gene sets, such as ECM organization, ECM receptor interaction, PI3K/AKT signaling, and integrin cell surface interaction were enriched in the top three IPI-correlating modules (Supplementary Figure S2I and Supplementary Material 4).




Figure 3 | Weighted gene co-expression network analysis (WGCNA) for the identification of modules related to IPI risk group. (A) Process of clustering dendrogram of included genes, assigning module colors, and merging modules. (B) Analysis and visualization of Module-trait relationship to identify IPI risk group related modules. (C) Correlation between gene module membership and gene significance for IPI risk group in brown, pink, and dark-red modules.





Construction and Validation of an IPI-Based Immune Prognostic Risk Model

In the training cohort, of which 563 patients with matched RNA-seq data and overall survival follow up data, 93 out of 371 IPI-related immune genes were significantly correlated with OS in the univariate Cox regression analysis (Table 2 and Supplementary Material 5). Next, we applied Lasso-penalized Cox regression to identify the optimal number of genes (n = 10) for the risk score model (Figure 4A and Supplementary Figure S3A). As a result of multivariate Cox regression analysis with variable selection by Akaike information criterion, eight genes were selected to construct the most optimal IPI-IPM (Figure 4B). Risk score = (expression level of CMBL * [0.360] + expression level of TLCD3B * [-0.350] + expression level of SYNDIG1 * [-0.247] + expression level of ESM1 * [-0.238] + expression level of EPHA3 * [-0.163] + expression level of HUNK * [-0.156] + expression level of PTX3 * [0.138] + expression level of IL12A * [0.111]). As shown in the time-dependent receiver operating characteristic (ROC) curve, areas under the curve (AUC) were 0.703, 0.738, and 0.733 for 1, 3, and 5 years, respectively (Figure 4C). As shown in Supplementary Figure S3B, there was a significant difference in OS and PFS between high- and low-risk groups, taking the median of IPI-IPM risk scores as the cutoff value. According to the ROC curve of the median survival time (Supplementary Figure S3C), we defined a cutoff value of 0.982 and then divided all patients into high- and low-risk groups according to their risk scores. As shown in Figure 4D, Kaplan–Meier survival analysis showed worse OS of patients in the high-risk score group (log-rank p = 3.13e-14). Similar results showing that high-risk score patients had worse PFS (log-rank p = 6.95e-14) are shown in Figures 4E, F. The C-index for OS of the risk score model was 0.732 (95% CI: 0.684–0.779, p = 1.38e-21), and that for PFS was 0.728 (95% CI: 0.679–0.776, p = 3.11e-20). These results show that IPI-IPM has a good capacity for OS and PFS prediction. The distribution of the risk score, survival status, and the eight-gene expression between the high- and low-risk score groups is shown in Supplementary Figures S3D, E and Figure 4G. In addition, we conducted Spearman’s rank-order analysis to examine the correlation between IPI risk group and the eight-gene expression. As shown in Supplementary Figure S3F, the expression of almost all genes except PTX3 was significantly correlated with IPI risk groups. Then, we tested the difference of the eight-gene expression between high- and low-IPI risk groups. There existed significantly difference of gene expression in seven genes except PTX3.


Table 2 | Univariate Cox regression analysis.






Figure 4 | Construction of an IPI-based immune prognostic model. (A) A plot for displaying the cross-validation error according to the log of lambda in the Lasso penalized Cox regression. (B) A forest plot for hazard ratios of the eight genes composing the IPI-based immune prognostic model (IPI-IPM). (C) Time-dependent ROC curves for the IPI-IPM risk scores on overall survival. (D) Kaplan–Meier Survival analysis of overall survival for patients of high and low IPI-IPM risk groups. (E) Time-dependent ROC curves for the IPI-IPM risk scores on progression-free survival. (F) Kaplan–Meier survival analysis of progression-free survival for patients of high and low IPI-IPM risk groups. (G) Heatmap of the gene expression in high and low IPI-IPM risk groups. (H) The multivariate analysis of IPI-IPM risk score and clinicopathologic parameters including age, Ann Arbor clinical stage, LDH ratio, and ECOG performance status and the number of extranodal sites. P value, * < 0.05, ** < 0.01, *** < 0.001.



Moreover, 335 patients with available clinicopathologic parameters were enrolled in the multivariate Cox regression analysis, presenting the risk scores and age as independent prognostic factors of OS (Figure 4H). Risk scores, along with age, Ann Arbor clinical stage, LDH ratio, ECOG performance status, and number of extranodal sites, were integrated to construct a nomogram model (Figure 5A). As shown in the decision curve analysis (DCA), the nomogram and the risk score from IPI-IPM showed a relatively high net benefit (Figure 5B). Moreover, the bias-corrected lines for the nomogram were close to the ideal line in the 1-, 3-, and 5-year and median survival time periods (Figure 5C). The C-index for the nomogram was 0.790 (95% CI: 0.736-0.843, p = 2.38e-26). Altogether, these results suggest that the nomogram has excellent capacity and consistency for OS prediction in the training cohort. Moreover, we collected patients with matched IPI-IPM risk score and available IPI information. A total of 445 patients with OS data and 386 patients with PFS data were enrolled to compare the difference of IPI and IPI-IPM in prognostic predictability. As shown in Figures 5D, E, the AUCs of time-dependent ROC for IPI-IPM were almost larger than those for the IPI risk group, indicating fairly equivalent prognostic predictability between IPI and IPI-IPM. In addition, the C-indices for OS of IPI-IPM and IPI were 0.749 (p = 3.78e-23) and 0.756 (p = 1.72e-13), and the C-indices for PFS were 0.739 (p = 6.36e-21) and 0.738 (p = 8.40e-11), respectively.




Figure 5 | Construction of an IPI-based immune nomogram and validation of the IPI-IPM by using independent cohorts. (A) Nomogram for the prediction of the survival probability of 1-, 3-, and 5-year overall survival. (B) The DCA analysis of all parameters in the nomogram. (C) Calibration plots of nomogram-predicted probability of 1-, 3-, 5-year, and median survival. (D) Comparison of overall survival predictive ability between the IPI risk group and IPI-IPM via time-dependent ROC curve analysis. (E) Comparison of progression-free survival predictive ability between the IPI risk group and IPI-IPM via time-dependent ROC curve analysis. (F–K) Time-dependent ROC curve analysis of the IPI-IPM risk scores in validation cohorts on overall survival [(F) GSE10846, (H) GSE87371, (J) GSE117556] and Kaplan–Meier survival analysis of overall survival for patients of IPI-IPM high and low-risk groups in validation cohorts [(G) GSE10846, (I) GSE87371, (K) GSE117556].



Three independent cohorts from different clinical centers (the cohort of Staudt et al., GSE10846, n = 414; the cohort of Dubois et al., GES87341, n = 221; the cohort of Sha et al., GSE117556, n = 928) were enrolled for further validation of IPI-IPM. The risk score for each patient was calculated, and all patients were divided into the high- and low-risk groups. As for the cohort of Staudt et al., the AUCs were 0.619, 0.603, and 0.601 for 1, 3, and 5 years, respectively (Figure 5F). Kaplan–Meier survival analysis showed significantly shorter OS of patients in the high-risk group (log-rank p = 5.30e-05, Figure 5G and Supplementary Figures S3G, H). Moreover, patients in the high-risk group were shown to have a shorter OS, regardless of the treatment regimens they received. Similar results of large AUC, shorter OS, and PFS of high-risk patients were also shown in the other two cohorts (Figures 5H–K and Supplementary Figures S3F, G). Taking the results of the training and testing cohorts together, the IPI-IPM and the nomogram combined risk score with relevant clinical characteristics (age, Ann Arbor clinical stage, LDH ratio, ECOG performance status, and number of extranodal sites) was an excellent model for predicting short-term or long-term OS in DLBCL patients, which may guide therapeutic strategy decisions and long-term prognosis.




Molecular Characteristics of IPI-IPM Subgroups

Compared to the low-risk group, a total of 5,980 genes (690 upregulated and 5,290 downregulated), and 2,731 immunologic genes (400 upregulated and 2,331 downregulated) were significantly differentially expressed in the high-risk group (Supplementary Figure S4A, Figure 6A, and Supplementary Material 6). Pre-ranked gene set enrichment analysis (GSEA) was performed to show that several gene sets, including negative regulation of immune response, DNA repair, and response to IL-12, were enriched in the high-risk group, and several gene sets, including ECM receptor interaction, IL-10 synthesis, and regulation of humoral immune response, were enriched in the low-risk group. Details are documented in Figure 6B, Supplementary Figures S4B–E and Supplementary Material 6. Additionally, t-distributed stochastic neighbor embedding (t-SNE) was applied to show obvious genetic diversity between the high- and low-risk groups (Figure 6C). Based on the Pearson correlation analysis, there was either a positive or negative correlation between the eight genes from the IPI-IPM (Figure 6D). Figure 6E presents the heatmap of differentially expressed genes correlating IPI-IPM risk scores between the high- and low-risk groups.




Figure 6 | Gene expression analysis of IPI-IPM and identification of IPI-IPM-associated immune genes. (A) Volcano plot of immune-related DEGs between the high and low IPI-IPM risk groups. (B) Pre-ranked GSEA of enriched gene sets between the high and low IPI-IPM risk groups. (C) The t-SNE algorithm was applied to show the gene expression diversity between DLBCL patients in the high and low IPI-IPM risk groups. (D) Pearson correlation analysis of the eight genes composing the IPI-IPM. (E) Heatmap of immune-related genes of which expression correlate with the IPI-IPM risk score.



To gain further molecular insight into the molecular characteristics of IPI-IPM, 176 genes correlating with risk scores and the eight genes from the IPI-IPM were identified as IPI-IPM-associated immune genes (absolute Pearson correlation coefficient ≥ 0.3, FDR < 0.05). Overrepresentation analysis was applied to identify the enriched biological functions and pathways, such as ECM organization and T cell differentiation, activation, and mediated immunity (Figures 7A, B). Detailed results are listed in Supplementary Material 6. As shown by the PPI network, the ECM organization, oncogenesis, and tumor immunity-associated regulatory genes (COL6A2, COL16A1, COL26A1, COL13A1, COL22A1, C3, ELN, MMP9, CLU, FOXP3, and ADGRL1) were closely correlated, and acted as hub genes (Figure 7C). In addition, the TFTRUST database was used to explore the transcription factors (TFs) regulating the 184 IPI-IPM-associated immune genes; thus, MMP9, FOXP3, and PLAU were identified in the TF network (Figure 7D).




Figure 7 | Molecular characteristics of IPI-IPM-associated immune genes. (A, B) Over-representative analysis: a chord map of the enriched GO biological processes and a Sankey plot of the enriched Reactome pathway terms. (C) Protein–protein interaction network (PPI) analysis based on the STRING database. (D) Transcription factor network analysis based on the TFTRUST database.



Based on the somatic mutational data of 37 samples from TCGA, 18 out of 20 patients in the high-risk group and 13 out of 17 patients in the low-risk group were found to have altered gene expression (Supplementary Figures S5A, B and Figure 8A). Although most mutations were missense mutations, more nonsense mutations and other mutations were identified in the high-risk group (Figure 8A). In addition, the mutation frequency of the top 10 genes in the high-risk group was much higher than that in the low-risk group. Furthermore, we investigated specific mutation sites of key genes corresponding to their amino acid location, including KMT2D, MUC16, CARD11, LRP1B, BTG2, and PIM1 (Figure 8B and Supplementary Figure S5C). As shown in the Oncodrive plot, MYD88, CD79B, KHL6, and MUC4 were identified as cancer driver genes in the high-risk group whereas only PEG3 and ZNF337 were identified in the low-risk group (Figure 8C and Supplementary Material 7).




Figure 8 | Somatic mutational analysis of the high and low risk IPI-IPM groups. (A) Mutated genes of high and low IPI-IPM risk groups. Top 10 mutated genes (rows) are ordered by mutation rate. The color-coding legends indicate the mutation types and survival status of patients. (B) Lollipop plots for amino acid changes of KMT2D and MUC16. (C) Oncodrive plots of the high and low risk IPI-IPM groups.




Immune Landscape of IPI-IPM Subgroups

CIBERSORT was applied to analyze the infiltrating abundance of various immune cell types in the different IPI-IPM subgroups (Figure 9A and Supplementary Figure S6A). Activated memory CD4+ T cells and resting NK cells showed high infiltration in the high-risk group, whereas memory B cells, CD8+ T cells, follicular helper T cells, regulatory T cells (Tregs), and non-activated macrophages were more abundant in the low-risk group (Figure 9B). In addition, the MCPCounter and xCell algorithms were applied to show that myeloid dendritic cells (mDCs) and common lymphoid progenitors showed high infiltration in the high-risk group, whereas hematopoietic stem cells, cancer-associated fibroblasts (CAFs), and T cells, especially CD8+ T cells, were more abundant in the low-risk group (Figure 9C and Supplementary Figure S6B).




Figure 9 | Tumor immune microenvironment characteristics of IPI-IPM subgroups. (A, B) Analysis of immune cell infiltration by using the CIBERSORTx algorithm: relative proportion of each type of cell infiltration in DLBCL patients and bar plots for visualization of significantly differentially TME-infiltrating cells between high and low IPI-IPM risk groups. (C) Analysis of immune cell infiltration by using the MCPcounter and xCell algorithm. P value, * < 0.05, ** < 0.01, *** < 0.001, **** < 0.0001.



In addition, DLBCL subtypes varied between the high- and low-risk groups. As shown in Figure 10A, more patients with higher IPI levels were classified into the IPI-IPM high-risk group, with similar results for age, Ann Arbor clinical stage, LDH ratio, ECOG performance status, and the number of extranodal sites (Supplementary Figure S6C). The high-risk group contained a higher proportion of activated B-cell-like DLBCLs, whereas the low-risk group was more enriched in germinal center B-cell-like DLBCLs (p = 1.34e-14). Schmitz et al. (4) identified four prominent genetic subtypes in DLBCL with different responses to immunochemotherapy: MCD (the co-occurrence of MYD88L265P and CD79B mutations), BN2 (BCL6 fusions and NOTCH2 mutations), N1 (NOTCH1 mutations), and EZB (EZH2 mutations and BCL2 translocations), and uneven distributions of these four subtypes were found between the high- and low-risk groups. For example, the poor-prognostic MCD subtype represented 40% of the high-risk group and 12% of the low-risk group. In addition, the correlation analysis showed that IPI-IPM risk scores were positively correlated with the expression of BCL-2 and MYC and negatively correlated with BCL-6 expression (Figure 10B). Taken together, these data indicate that IPI-IPM provides additional orthogonal information from previous lymphoma classifications.




Figure 10 | Molecular and TME subtypes for DLBCL of IPI-IPM subgroups. (A) Distribution of IPI groups, gene expression subtypes, and genetic subtypes between high and low IPI-IPM risk groups. (B) Correlation analysis of the IPI-IPM risk score and Bcl-2, Bcl-6, and c-Myc. (C) Consensus clustering to detect lymphoma microenvironment (LME) clusters. (D, E) Distribution of LME patterns between high and low IPI-IPM risk groups. (F) GSVA enrichment score of LME functional signature between high and low IPI-IPM risk groups.



To further explore the interaction between DLBCL cells and the microenvironment, Kotlov et al. (11) defined the LME into four major transcriptionally defined categories with distinct biological properties and clinical behavior, including GC, MS, IN, and DP forms. Similarly, we utilized an unsupervised clustering method to assign the samples into four groups by using expression data from the 22 functional gene expression signature (FGES) sets (Figure 10C). GSVA enrichment scores were calculated to demonstrate distinct TME characteristics among the four biological patterns (Figure 10D). Consistent with the CIBERSORT results, the DP LME categories represented 35% of the high-risk group whereas the GC-like and MS LME categories were more enriched in the low-risk group (Figures 10E, F and Supplementary Material 8).



Potential Therapeutic Value of IPI-IPM

To further understand the effects of the risk score on drug response, 184 IPI-IPM-associated immune genes were mapped into the connectivity map database (17). As shown in Figure 11A, 14 genes (ADORA1, ADRA2A, CACNA1C, DBH, DNM1, ELN, ENPP1, EPHA1, IL12A, MMP9, PLAU, S1PR2, SLC1A2, and SV2A) were associated with 122 inhibitors, involving 54 mechanisms of action. The details are documented in Supplementary Material 9.




Figure 11 | Potential therapeutic value based on IPI-IPM. (A) Connectivity map (CMap) results of top IPI-IPM associated immune genes. (B) The expression of inhibitory immune checkpoints between high and low IPI-IPM risk groups. (C) Kaplan–Meier survival analysis of overall survival for patients of IPI-IPM high and low risk groups in the IMvigor210 Cohort.



The clinical development of cancer immunotherapy and the advances in genomic analysis have validated the important role of the TME in predicting cancer response to ICB therapy (13, 18, 19). We investigated the expression of several inhibitory immune checkpoints between the high- and low-risk groups by using the normalized gene expression data (VST transformed). As shown in Figure 11B, the expression of PD-L1, BTLA, and SIGLEC7 was significantly upregulated in the high-risk group. Expressions of other inhibitory immune checkpoints such as B7-H3 were found downregulated in the high-risk group (Supplementary Figure S6D).

Various biomarkers were reported to predict the response to immunotherapy, including tumor mutation burden and expression of immune checkpoints, such as PD-L1. We examined the value of the IPI-IPM to predict the response of patients to ICB therapy based on a publicly accessible dataset, the IMvigor210 Cohort (20). Using an optimal cutoff point calculated through the “surv_cutpoint” function (a minimal proportion of observations per group was set to 30%) of the survminer R package for group assignment, we observed that patients with high IPI-IPM risk scores had shorter OS after anti-PD-L1 treatment (log-rank p = 0.029, Figure 11C).




Discussion

Recent groundbreaking insights into the pronounced genomic heterogeneity of DLBCL have identified potential biomarkers for patient diagnosis and prognosis, paving the way for a standardized application of precise medicine (3, 5, 13). Multiple subtype classifications as well as IPI and enhanced NCCN-IPI were built to stratify prognostically relevant subgroups of DLBCL patients with R-CHOP therapy, whose robustness requires further investigation in the context of targeted therapies (7, 11, 13, 21). In the current study, we used WGCNA to profile IPI correlating immune gene sets and constructed and validated an eight-gene IPI-IPM (CMBL, TLCD3B, SYNDIG1, ESM1, EPHA3, HUNK, PTX3, and IL12A) with shorter OS in the high-risk patients and longer OS in the low-risk patients in both TCGA and three independent cohorts.

ESM1, also known as endocan, has been shown to regulate endothelial cell function in the initiation and progression of human cancers, including esophageal cancer, hepatocellular carcinoma, bladder cancer, and breast cancer (22). The aEphA3 receptor plays a critical role in cell adhesion and migration during development and homeostasis of many tissues as well as in cancer growth, progression, and angiogenesis (23). In addition, EphA3 is highly expressed in tumors, but not in normal tissues, which, together with antitumor properties of anti-EphA3mAb (chIIIA4), defined EphA3 as a potential target for antibody-based anticancer therapies (23). PTX3 is secreted by dendritic cells, macrophages, and fibroblasts and is actively involved in the regulation of inflammation, tissue remodeling, and cancer (24). PTX3 interacts with the PI3K/AKT/mTOR signaling pathway or the fibroblast growth factor-2/receptor system to regulate tumor cell proliferation, apoptosis, and metastasis in lung cancer, breast cancer, melanoma, prostate cancer, and multiple myeloma (24, 25). IL12A is a potent immunosuppressive cytokine produced by regulatory B cells, Treg cells, macrophages, dendritic cells, and tumor cells, which suppresses the effector functions of CD4+ and CD8+ T cells but strongly favors Treg proliferation (26). Furthermore, Larousserie et al. found that high levels of IL12A were associated with poor survival in DLBCL patients (27).

High-throughput gene expression databases and bioinformatics analysis have enabled systematic profiling of prognostic signatures in DLBCL. For example, Zhou et al. uncovered differentiated lncRNA expression patterns between germinal center B-cell-like and activated B-cell-like DLBCL and identified an immune-associated 17-lncRNA signature for subtype classification and prognosis prediction (28). Chapuy et al. defined five distinct DLBCL subsets by integrating recurrent mutations, somatic copy number alterations, and structural variants (5). Hu et al. built a predictive model combining drug resistance signature with clinical factors, including age at diagnosis, stage, number of extra nodal sites, and ECOG performance score (21). In the current study, IPI-IPM risk score remained an independent prognostic factor after modification of clinical characteristics; thus, we developed a nomogram model combining the risk score and other clinical features (age, Ann Arbor clinical stage, LDH ratio, ECOG performance, and number of extranodal sites) to predict the OS probability of DLBCL patients in 1, 3, and 5 years, and the median survival time. Both the calibration curve and DCA analysis supported the notion that our nomogram provides a complementary perspective on individualizing tumors and develops an individual scoring system for patients, thus making it a promising tool for clinicians in the future.

In the GSEA analysis of the high- and low-risk groups, several immune-related gene sets, including negative regulation of immune response, B cell and T cell proliferation, response to IL-12 and γ-IFN, and NOD-like and TOLL-like receptor signaling, were enriched in the high-risk group whereas ECM receptor interaction, IL-10 synthesis, and regulation of humoral immune response were enriched in the low-risk group. Therefore, we speculated that the local immune signature conferred a weaker immune phenotype in the high-risk group, but an intense immune phenotype in the low-risk group. Moreover, overrepresentation analysis identified several immune-related pathways, including ECM organization and T cell activation, which were enriched with IPI-IPM-associated immune genes. The ECM plays important roles in supporting cells and regulating intercellular interactions, thus contributing to the progression of several malignancies (11, 14). Lenz et al. built a survival model with two stromal gene signatures for DLBCL patients who received CHOP or R-CHOP, where the prognostically favorable stromal-1 signature reflected ECM deposition and histiocytic infiltration, whereas the prognostically unfavorable stromal-2 signature reflected tumor blood vessel density (12).

To further explore the immunological nature of the IPI-IPM subgroups, we analyzed the somatic mutational profiles of 37 samples and found higher mutation counts in the high-risk group with more nonsense mutations, although missense mutations were the most common type. The largest difference in mutations between high- and low-risk groups was in the KMT2D mutation (40% in high-risk samples vs. 17.65% in low-risk samples) (29). KMT2D is a tumor-suppressor gene in DLBCL, and genetic ablation of KMT2D in a BCL2-overexpression-driven model promotes higher DLBCL penetrance (30). Moreover, MYD88 and CD79B were identified as cancer driver genes in the high-risk group, which is in good agreement with the previous findings that MYD88 and CD79B mutations have been associated with tumor response and survival in DLBCL patients (31–33). Ngo et al. initially identified activating MYD88 mutations in DLBCL, where L265P was the most frequent and oncogenic form. MYD88 was shown to interact with IRAK1 and IRAK4 and activate the NF-κB and JAK-STAT3 pathways, promoting malignant cell proliferation and causing worse survival of DLBCL patients (34). CD79B mutations are frequently detected in the first tyrosine (Y196) of the immunoreceptor tyrosine-based activation motif. CD79B mutations were shown to cause chronic activation of BCR signaling and constitutive NF-κB activation, further promoting tumor cell growth within the immunosuppressive TME.

Consistently, the composition of immune cells was different between the two IPI-IPM subgroups, where memory B cells, CD8+ T cells, Tregs, non-activated macrophages, and CAFs were more abundant in the low-risk group. It is generally accepted that cytotoxic CD8+ T cells, following successful priming, recognize tumor-specific (neoantigens) or tumor-associated antigens and exert antitumor function primarily via the release of cytotoxic molecules such as perforin and granzymes (35–37). However, Tregs suppress CD8+ T cells by direct cell contact and secretion of inhibitory cytokines including IL-10 and TGF-β (36, 38). TAMs have been shown to mediate antibody-dependent cellular phagocytosis of rituximab in malignant B cells, limit CD8+ T cell activity through PD-L1 expression, and release IL-10 and TGF-β or inhibiting enzymes, thus regulating antitumor immunity and response to therapy (39). CAFs, the resident fibroblasts activated in a chronically inflamed TME, have been shown to promote recruitment and polarization of regulatory cells including Tregs, monocytes, and M2-macrophages by secreting IL-6, CXCL12, Chi3L1, MCP-1, and SDF-1, thus actively shaping immune infiltration in the TME (40). In addition, CAFs have been shown to impact the cytolytic activity of CD8+ T cells through different mechanisms, such as the production of prostaglandin E2 and nitric oxide to dampen CD8+ T cell proliferation, expression of PD-L2 and FasL to promote CD8+ T cell apoptosis, and induction of abnormal ECM deposition and remodeling to physically trap CD8+ T cells and prevent effective tumor access (41).

In addition, DP LME represented more of the high-risk group, whereas immune-rich GC LME was more enriched in the low-risk group. Kotlov et al. characterized the DLBCL microenvironment by analyzing gene expression profiles, developing TME-derived FGES, analyzing ECM composition by proteomics, and establishing patient-derived tumor xenograft models (11). Four basic categories of DLBCL LME with distinct clinical and biological connotations were identified to uncover the bidirectional interaction between DLBCL cells and the LME. Remarkably, immune-rich GC LME confers a better prognosis than DP LME, suggesting the fundamental role of LME in preventing lymphomagenesis. In turn, DLBCL cells develop genetic and epigenetic traits that contribute to immune evasion from LME.

Finally, we applied Spearman correlation analysis to estimate the potential therapeutic effects of IPI-IPM and explored the expression of several inhibitory immune checkpoints between IPI-IPM subgroups to predict the response to immunotherapy. The results showed that IPI-IPM-associated genes were correlated with sensitivity to drugs targeting the Aurora kinase, DNA methyltransferase, histone acetyltransferase, FLT3, EGFR, and VEGFR signaling pathways, indicating that high-risk DLBCL patients may benefit from novel inhibitors targeting these signaling pathways. As for the expression of inhibitory checkpoints, PD-L1, BTLA, and SIGLEC7 were significantly upregulated in the high-risk group. Upregulation of checkpoints (PD-1, CTLA-4, and TIM-3) and their ligands (PD-L1 and PD-L2) in the TME can mediate tumor cells to escape immune surveillance by modulating T-cell activity (13, 18, 42, 43). Thus, ICB exerted significant antitumor effects in both solid tumors and hematologic malignancies. Although nivolumab monotherapy showed low efficacy in unselected DLBCL patients, pembrolizumab combined with R-CHOP was safe and associated with a high complete response rate and improved 2-year progression-free survival (19, 44). BTLA has been reported to mark a high-checkpoint-expressing T-cell subset (PD-1, TIM-3, LIGHT, and LAG-3) with decreased cytolytic function and increased proliferation ability, thus correlating with poor prognosis in DLBCL (13, 45).

Taken together, the IPI-IPM risk score was compatible with the ability of tumor-infiltrating immune cells to determine the expression of immune checkpoints, suggesting that the poor prognosis of the high-risk group may be due to the stronger immunosuppressive TME and that high-risk patients will benefit more from immune checkpoint inhibitors than low-risk patients, resulting in a better prognosis. Our research provides new insights into the TME and immune-related therapies for DLBCL. However, it is noteworthy that some limitations arose because the conclusions were drawn from data from retrospective studies, and prospective studies are warranted to further confirm our results. In addition, functional and mechanistic studies should be conducted to support their clinical application of the genes in our risk model. 



Materials and Methods


Data Selection and Acquisition

Data acquisition of the present study is fully under the TCGA publication guidelines (https://www.cancer.gov/tcga). Gene expression data (RNA-seq) of 570 samples, masked somatic mutation data of 37 samples, and clinical follow-up data with clinicopathological characteristics of 566 patients of DLBCL projects (TCGA-DLBC, CTSP-DLBCL1, NCICCR-DLBCL) were obtained from the Cancer Genome Atlas (TCGA) by using the TCGAbiolinks (46) R package in R software (version 4.0.2, https://www.r-project.org). Clinical information, gene expression subtype, and genetic subtype of the DLBCL patients were supplemented by referring to open-access supplementary files of the GDC DLBCL publication (4). Matched gene expression data and survival follow-up data can be obtained in 563 samples. Matched gene expression data and survival follow-up data with available IPI data can be obtained in 445 samples (Supplementary Table 1). Gene expression data (Microarray) with matched clinical information of 414, 221, and 928 DLBCL patients were obtained from GSE10846, GSE87371, and GSE117556, respectively (12, 47–49), by accessing the Gene Expression Omnibus (GEO) database (www.ncbi.nlm.nih.gov/geo). The immunologic gene lists used in the present study were downloaded from the ImmPort (www.immport.org/shared/home) and ImmuneSigDB (50) through MSigDB Collections (www.gsea-msigdb.org/gsea/msigdb). For the RNA-Seq data, HTSeq-count data were downloaded. The Combat-Seq function of the Sva (51) R package was used to remove batch effects among different projects. The principal component analysis was performed and visualized to examine the batch effect (52). For each gene, the effective gene length was extracted by using the EDASeq (53) R package and TPM (Transcripts Per Kilobase Million) gene expression data were calculated through the count2TPM function utilized in the IOBR (54) R package by using the corresponding effective gene length. A Homo sapiens GRCh38 annotation file (Ensembl 103) downloaded from Ensembl (55) was used for gene symbol annotation. The DESeq2 (56) R package was applied for the normalization of RNA-seq count data, and variance stabilizing transformation (VST) data were used for downstream analysis. DLBCL microenvironmental (LME) signatures and LME subtype categorizing method were referred to the publication of Kotlov et al. on Cancer Discovery (11).



Identification of Differentially Expressed Genes

Samples with available IPI information were categorized to high-, intermediate-, and low-risk groups according to criteria of IPI, and the DESeq2 (56) R package was applied to identify differentially expressed genes (DEGs) between high- and low-risk groups. The differential expression was defined with a fold change of threshold at 1.5 and a false discovery rate (FDR) value < 0.05.



Gene Functional Enrichment Analysis

The clusterProfiler (57) R package was used for both overrepresentation analysis and pre-ranked gene set enrichment analysis (GSEA). Analysis of Gene Ontology (GO) (58), Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway (59), and Reactome pathway (60) were contained in the present study. An adjusted p value<0.05 was considered statistically significance. The threshold for GSEA was set at the p-value < 0.05, FDR < 0.05, and | normalized enrichment score (NES) | > 1.0. The non-parametric gene set variation analysis was further performed with the GSVA (61) package of R.



Weighted Gene Co-Expression Network Analysis

Weighted gene co-expression network analysis (WGCNA) is commonly used for analyzing high-throughput gene expression data with different characteristics, so as to mine gene co-expression networks and intramodular hub genes based on pairwise correlations in genomic applications. In the present study, we applied the WGCNA (62, 63) R package to analyze key gene clusters that were most relevant to IPI risk groups in DLBCL samples. 



Construction and Validation of IPI-Based Immune-Related Prognostic Model

IPI-based immune-related genes were selected to construct the prognostic risk model. The training cohort (563 patients with matched normalized RNA-seq data and survival data from TCGA) was used for the construction of IPI-IPM, and three testing cohorts (GSE10846, GES87341, and GSE117556) were used for validation of the prognostic risk model. The Survival R package was used to analyze the correlation between the expression of objective gene sets and DLBCL patients’ overall survival (OS). Univariate Cox regression analysis was performed to screen genes, of which the expression was associated with OS with a p value < 0.05. Lasso (least absolute shrinkage and selection operator) regression analysis was applied for variable selection and regularization to enhance the prediction accuracy and interpretability by using the glmnet (64) R package. Multivariate Cox regression analysis was then carried out to select the optimal genes, based on the method of the Akaike information criterion (AIC) (65). For each sample, the risk score equals the sum of the normalized expression of each gene multiplying its corresponding regression coefficient. Time-dependent ROC curves were plotted by using the survivalROC (66) R package. Five hundred sixty-three DLBCL patients in the training cohort were divided to low- and high-risk score groups according to the optimal cutoff value with largest AUC in the receiver operating characteristic (ROC) curve of the median survival time. Then, Kaplan–Meier survival analysis and time-dependent ROC curve analysis were performed to evaluate the prognostic significance and accuracy of IPI-IPM (67). Besides, Harrell’s concordance index (C-index) was calculated by using the survcomp (68) R package. Univariate and multivariate Cox regression analyses were performed on the risk score and all available clinicopathologic parameters, including age, gender, Ann Arbor clinical stage, LDH ratio, ECOG performance status, and number of extranodal site. Then, we utilized the rms (69) R packages which set up a prognostic nomogram for OS probability assessment by enrolling all the independent prognostic factors. The discriminative efficacy, consistency, and clinical judgment utility of the nomogram score was evaluated by time-dependent calibration plots and decision curve analysis (DCA) (70) using the rms and rmda (71) R package.



Comprehensive Analysis of Molecular and Immune Characteristics in Different IPI-IPM Subgroups

DEGs between high- and low-risk score groups were analyzed following the fold change of a threshold at 1.5 and FDR value < 0.05. The gene expression of samples between IPI-IPM subgroups were analyzed with the t-distributed stochastic neighbor embedding (t-SNE) method by using the Rtsne (72) package of R and then visualized on the 3D map with the scatterplot3d (73) package of R. Somatic mutations of IPI-IPM subgroups were analyzed by using the Maftools (74) R package. The intersection of DEGs and immune-related gene set was used to construct a protein–protein interaction (PPI) network based on the STRING (75) database. Cytoscape (76), plugin MCODE (77), and cytoHubba (78) were utilized to identify top 10 degree genes in the network. The TRRUST (79) database was browsed to explore the curated transcriptional regulatory networks. Gene expression data (TPM) of 570 DLBCL samples were imported into CIBERSORT (80), MCPCounter (81), and xCell (82) to calculate the score to estimate the proportion of TME cells including immune and stromal cells. 



Clustering Analysis of Expression Pattern of LME Signatures

An unsupervised clustering algorithm was applied to analyze the gene expression pattern of LME signatures in 563 DLBCL samples. By using the ConsensusClusterplus (83) R package, we performed the k-means clustering algorithm with 1,000 repetitions to ensure the stability. The Pearson distance matrix calculated from the clustering was then imported to Cytoscape for the visualization of distribution of samples corresponding to LME signature clustering. 



Data Analysis

All statistical data were analyzed in the R software (version 4.0.3). A Wilcoxon test was applied to compare continuous variables between two groups of sample data. A Kruskal–Wallis test was applied to compare continuous variables among three or more groups of sample data. A test is considered with statistical significance at two-sided p < 0.05. Pearson correlation was used to test the correlation between two sets of continuous data, and an absolute Pearson correlation coefficient larger than 0.3 was considered to be correlated. A Pearson correlation is considered with statistical significance at FDR < 0.05. Spearman correlation was used to test the correlation between gene expression and IPI groups. We used ggplot2, ggstatsplot, and ggpubr R packages (84, 85) for data analysis and visualization. 
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Supplementary Figure 1 | Identification of DEGs of different IPI risk groups and gene functional enrichment analysis. (A) Volcano plot of differentially expressed genes (DEGs) between the high and low IPI Risk groups. (B) Heatmap of differentially expressed genes (DEGs) between the high and low IPI Risk groups. (C) Venn plot of intersection of DEGs and immune-related gene sets. (D) Heatmap of differentially expressed immune-related genes (DEGs) between the high and low IPI Risk groups. (E) Over representative analysis of the differentially expressed immune-related genes on GO biological process, KEGG and Reactome Pathway terms. (F) Comparation of GSVA results of IPI Risk groups on immune-related pathways.

Supplementary Figure 2 | WGCNA for the identification of modules related to IPI risk group and gene functional enrichment analysis for module genes. (A–D) Process of sample clustering and outlier detection, sample dendrogram, calculation of Beta value and soft thresholding, and clustering of module eigengenes. (E) Correlation between gene module membership and gene significance for IPI risk group in Darkgreen, Blue and Lightyellow modules. (F, G) Heatmaps of the Topological Overlap Matrix (TOM) and Eigengene adjacency. (H) Venn plot of intersection of IPI related module genes identified by WGCNA and immune-related gene sets. (I) Over representative analysis of the intersected module genes on GO biological process, KEGG and Reactome Pathway terms.

Supplementary Figure 3 | Construction and validation of an IPI-based immune prognostic model. (A) Plot for the estimated coefficients with respect to the change of the penalty parameter of the Lasso penalized Cox regression. (B) Kaplan-Meier Survival analysis of OS and PFS for patients of high and low IPI-IPM risk groups (median as cutoff point). (C) Plot for median survival time of training cohort. (D and E) Risk scores and survival status of patients in high and low IPI-IPM risk groups. (F and G) Time-dependent ROC curve analysis of the IPI-IPM risk scores and Kaplan-Meier Survival analysis for patients of IPI-IPM high and low risk groups on PFS in validation cohorts (F: GSE87371 and G GSE117556). (H) Spearman correlation analysis of gene expression and IPI Risk group and difference test of gene expression between high and low IPI Risk group for the eight genes.

Supplementary Figure 4 | Gene expression analysis of IPI-IPM and gene functional enrichment analysis. (A) Volcano plot of DEGs between high and low IPI-IPM risk group. (B–E) Pre-ranked GSEA of enriched gene sets between high and low IPI-IPM risk group on GO biological process, Hallmark gene sets, KEGG and Reactome Pathway terms.

Supplementary Figure 5 | Somatic mutational profiles of IPI-IPM subgroups. (A and B) SNV landscape and top mutated genes of all included samples. (B) Lollipop plots for amino acid changes of selected genes.

Supplementary Figure 6 | TME characteristics, clinicopathological features and expression of inhibitory immune checkpoints in IPI-IPM subgroups. (A) Composition of immune cells infiltration by using the CIBERSORT algorithm. (B) Analysis of specific types of infiltrating immune cells by using the MCPcounter and xCell algorithm. (C) Relation of IPI-IPM Risk group and DLBCL clinicopathological features. (D) The expression of multiple inhibitory immune checkpoints between high and low IPI-IPM risk groups.
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Transmembrane Channel-like (TMC) genes are critical in the carcinogenesis, proliferation, and cell cycle of human cancers. However, the multi-omics features of TMCs and their role in the prognosis and immunotherapeutic response of human cancer have not been explored. We discovered that TMCs 4-8 were commonly deregulated and correlated with patient survival in a variety of cancers. For example, TMC5 and TMC8 were correlated with the relapse and overall survival rates of breast cancer and skin melanoma, respectively. These results were validated by multiple independent cohorts. TMCs were regulated by DNA methylation and somatic alterations, such as TMC5 amplification in breast cancer (523/1062, 49.2%). Six algorithms concordantly uncovered the critical role of TMCs in the tumor microenvironment, potentially regulating immune cell toxicity and lymphocytes infiltration. Moreover, TMCs 4-8 were correlated with tumor mutation burden and expression of PD-1/PD-L1/CTLA4 in 33 cancers. Thus, we established an immunotherapy response prediction (IRP) score based on the signature of TMCs 4-8. Patients with higher IRP scores showed higher immunotherapeutic responses in five cohorts of skin melanoma (area under curve [AUC] = 0.90 in the training cohort, AUCs range from 0.70 to 0.83 in the validation cohorts). Together, our study highlights the great potential of TMCs as biomarkers for prognosis and immunotherapeutic response, which can pave the way for further investigation of the tumor-infiltrating mechanisms and therapeutic potentials of TMCs in cancer.
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Introduction

Cancer is a disease in cells with multi-omics dysregulations, such as genetic alterations, differential DNA methylations, and transcriptomic and metabolic disorders (1). Advances in high-throughput sequencing and bioinformatic technologies over the past decades have allowed millions of omics-level alterations to be detected, and made it possible to systematically study their roles in tumorigenesis and progression (2). However, most of the multi-omics alterations are not well understood. For example, millions of genetic mutations were detected in different cancer types, while their roles in immunotherapeutic response and tumor microenvironment were largely unknown, and their clinical potentials were not fully studied. Moreover, the genes altered across different tumor types and individual tumor samples vary considerably (3). Thus, a complete understanding of the omics-level alterations in different cancer types is essential to identify novel potential therapeutic targets and vulnerabilities.

A comprehensive analysis for the expression profile of immune checkpoint genes at a pan-cancer level identified immune checkpoint blockade based therapy-related biomarkers, which indicated that gene classes with the same functions may serve as a molecular signature (4). Transmembrane channel-like (TMC) proteins are a gene family of evolutionarily conserved ion channel-like membrane proteins. Based on the amino-acid sequence similarities, TMC channels form three subfamilies: TMCs 1–3 (subfamily 1), TMCs 5 and 6 (subfamily 2), and TMCs 4, 7, and 8 (subfamily 3) (5, 6). In the past two decades, TMCs were reported to play an important role in hearing loss (7), fatty liver disease (8), and cancer (9). TMC1 and TMC2 were studied best because of their essential role in auditory transduction (10, 11). The functional research of TMCs 3-8 in human cancers is largely unexplored. In recent years, evidence has indicated that TMC6 (also known as EVER1) and TMC8 (also known as EVER2) play a role in cervical cancer (12) and squamous cell carcinoma (9). Notably, we recently found that TMC5 promotes prostate cancer cell proliferation through cell cycle regulation (13). Thus, TMCs are critical regulators in diverse human cancers, and systematic investigation of TMCs in cancers is necessary and valuable for a better understanding of their roles in cancer development and their clinical therapeutic potentials.

In this study, we performed multi-omics feature analysis to identify the link between genetic alterations of TMCs and clinical events (e.g., immunotherapeutic responses) by leveraging multi-omics big data of the same tumors. We comprehensively investigated the basal expression levels of TMC family genes in human normal tissues, and their expression dysregulations, DNA methylation, genomic mutations, and copy number alterations in human cancer samples. We predicted their involved cancer pathways and analyzed their correlation with the tumor microenvironment. We evaluated their potential value in prognosis and immunotherapeutic response in diverse human cancers by leveraging the multi-omics tumor big data (Figure 1).




Figure 1 | The powerful pipeline of multi-omics alteration-based clinical enrichment analysis. First, we explored the basal expression and differential expression of TMCs in >50 human tissue types and >30 cancer types. Then, the analyses of the multi-omics features of TMCs in cancers were performed. We identified prognostic and therapeutic biomarkers. Finally, we investigated the functional implication of TMCs in cancer and validated the discovered biomarkers using multiple independent cohorts and experiment data.





Results


Basal Expression of TMC Family Genes in Human Cancer and Normal Tissues

We analyzed the expression of TMC family genes in human tissues and cancer samples to investigate the role of TMC family genes in human cancers. The data from the FANTOM5, HPA, and databases showed concordant results that the TMC1 and TMC2 were almost not expressed in all analyzed tissues and cancer types (Figures 2A–C). TMC3 was specifically expressed in the parathyroid gland (Figure 2B). Immunohistochemistry showed that the expression of TMC3 was higher in parathyroid adenoma than that in normal parathyroid tissue (Figure 2D). The expression of TMC3 could be a specific classifier to distinguish the parathyroid adenoma samples and the normal parathyroid tissue (Figures 2D, E). However, TMC4, TMC5, TMC6, TMC7, and TMC8 were widely expressed in diverse tissue types. Further, TMC4, TMC5, TMC6, TMC7, and TMC8 were tissue-specifically and cancer-specifically expressed (Figures 2A–C, F). This reveals that they may play different roles in different cancer types.




Figure 2 | The basal expression of TMC genes in human tissues and cancers. The mRNA expression of TMCs 1-8 based on data from the (A) FANTOM5 database (45 tissue types), (B) HPA database (43 tissue types), and (C) GTEx database (54 tissue types). (D) The immunohistochemistry of TMC3 in the parathyroid gland and parathyroid adenoma. (E) The receiver operating characteristic (ROC) curve and the range of mRNA expression values of TMC3 in parathyroid adenoma using data from Chai et al. (F) The mRNA expression of TMCs 1-8 in 34 cancer types. The median expression (zeros were omitted) of each gene in each tissue/cancer type was shown. FPKM, fragment per kilobase per million. ACC, Adrenocortical carcinoma; ALL, Acute Lymphoblastic Leukemia; BLCA, Bladder urothelial carcinoma; BRCA, Breast invasive carcinoma; CESC, Cervical and endocervical cancers; CHOL, Cholangiocarcinoma; COADREAD, Colorectal adenocarcinoma; DLBC, Lymphoid Neoplasm Diffuse Large B-cell Lymphoma; ESCA, Esophageal carcinoma; GBM, Glioblastoma multiforme; HNSC, Head and Neck squamous cell carcinoma; KICH, Kidney Chromophobe; KIRC, Kidney renal clear cell carcinoma; KIRP, Kidney renal papillary cell carcinoma; LAML, Acute Myeloid Leukemia; LGG Brain Lower Grade Glioma; LIHC, Liver hepatocellular carcinoma; LUAD, Lung adenocarcinoma; LUSC Lung squamous cell carcinoma; MESO, Mesothelioma; OVCA, Ovarian serous cystadenocarcinoma; PAAD, Pancreatic adenocarcinoma; PCPG, Pheochromocytoma and Paraganglioma; PRAD, Prostate adenocarcinoma; SARC, Sarcoma; SKCM, Skin Cutaneous Melanoma; STAD, Stomach adenocarcinoma; TGCT, Testicular Germ Cell Tumors; THCA, Thyroid carcinoma; THYM, Thymoma; UCEC, Uterine Corpus Endometrial Carcinoma; UCS, Uterine Carcinosarcoma; UVM, Uveal Melanoma.





The TMC Family of Genes Were Deregulated and Were Affected by the Mutations, eQTM and eQTCN in Human Cancers

We performed differential expression analysis to determine which of the TMC genes were potentially important in human cancers based on the GDC-TCGA, GEO, and TCGA-GTEx datasets. The TMC genes were considered differentially expressed if they were detected in more than one dataset and mutually validated. The results showed that TMC4 and TMC5 have a similar expression pattern in different cancers, as do TMC6 and TMC7 (Figure 3A). Based on the expression of TMC genes, prostate adenocarcinoma (PRAD), acute myeloid leukemia (LAML), and acute lymphoblastic leukemia (ALL) were grouped (Figure 3B). However, the expression of TMC genes in lung adenocarcinoma and lung squamous carcinoma was different, indicating that the roles of TMC genes in the two lung cancer subtypes may be different (Figure 3B).




Figure 3 | The differential expression and genomic changes of TMC genes in human cancers. (A) The differential expression of TMCs 4-8 in the GEO datasets. The differential expression status shown was confirmed based on TCGA datasets and the TCGA-GTEx datasets. (B) Hierarchical clustering of the expression status of TMCs 4-8 in diverse cancer types. The expression statuses were validated based on the three different datasets. (C) The expression quantitative trait loci (eQTL), (D) the expression quantitative trait methylation (eQTM), and (E) the expression quantitative trait copy number (eQTCN) of TMCs 4-8 in human cancers.



We further investigated the DNA methylation, somatic mutations, and copy number alterations of TMC genes in human cancers to identify the cancer-associated genomic changes. The significantly mutated eQTLs of TMC family genes were mainly detected in breast cancer (Figure 3C). TMC8 is the most frequently affected gene by DNA methylation among the TMC family genes (Figure 3D). The CNAs of TMC genes were mainly found in lung adenocarcinoma, stomach adenocarcinoma, and head and neck squamous carcinoma (Figure 3E). Most of the CNAs are amplification. Besides, TMC5 has the highest frequency of CNAs in tumors (523/1062, 49.2%, Figure 4A). TMC amplifications were enriched in ER-positive breast cancer (χ2 test, P = 1.402e-09), PR-positive breast cancer (χ2 test, P = 3.489e-07), and tumor-infiltrating breast subtype (χ2 test, P = 0.011, infiltrating carcinoma versus non-infiltrating carcinoma). Copy number amplification upregulated the expressions of TMC5 in breast cancer (Figure 4B). The cancer-associated genomic changes of TMCs were listed in Table S4.




Figure 4 | The role of TMC5 and TMC8 in breast cancer and skin melanoma. (A) The clinical characteristics of patients with TMC5 copy number alteration. (B) The expression of TMC5 between samples with and without TMC copy number amplification. The Kaplan-Meier curves of progression-free survival for TMC5 expression (the median expression as a cut-off) in breast cancer based on (C) TCGA-BRCA cohort, (D) GSE11121 cohort, (E) GSE21654 cohort, (F) GSE22220 cohort, (G) GSE45255 cohort, and (H) GSE6532 cohort. The Kaplan-Meier curve of overall survival for TMC8 expression (the median expression as a cut-off) in skin melanoma based on (I) TCGA-SKCM cohort, (J) GSE19234 cohort, (K) GSE53118 cohort, (L) and GSE54467 cohort. (M) The multivariate Cox regression analysis for progression-free survival of TMC5 (median expression as a cut-off) based on the six independent breast cancer cohorts. (N) The multivariate Cox regression analysis for overall survival of TMC8 (median expression as a cut-off) based on the four independent skin melanoma cohorts. (O) The immunohistochemistry of TMC5 in normal breast tissue and breast tumors. (P) The immunohistochemistry of TMC8 in normal skin tissue and skin melanomas.





The Prognostic Potential of TMC Family Genes

To investigate the prognostic potential of TMC family genes in human cancers, we performed univariate and multivariate Cox regression analyses based on the TCGA and GEO cohorts. Six independent breast cancer cohorts (TCGA-BRCA, GSE11121 (14), GSE21653 (15), GSE22220 (16), GSE45255 (17), and GSE6532 (18). Patient information is summarized in Table S5) reveal TMC5 was associated with disease-free survival of breast cancer (Figures 4C–H). Multivariate analyses based on TMC5 expression (median as the cut-off to divide the patients into high- or low-group) and patient clinical characteristics in the three breast cancer cohorts (GSE11121, GSE45255, GSE6532) showed that the TMC5 expression was an independent prognostic biomarker for disease-free survival in breast cancer (Figure 4M). Moreover, four independent skin melanoma cohorts (TCGA-SKCM cohort, GSE19234 (19), GSE53118 (20), and GSE54467 (21), Table S6) concordantly reveal low expression of TMC8 was related to the poor overall survival of skin melanoma (Figures 4I–L). Multivariate analyses based on TMC8 expression (median as the cut-off to divide the patients into high- or low-group) and patient clinical characteristics in the four cohorts showed that TMC8 expression was an independent prognostic biomarker for overall survival in skin melanoma (Figure 4N). Moreover, the protein expression of TMC5 and TMC8 in breast cancer (18 of 21 with medium/high intensity, 4 are displayed in Figure 4O) and skin melanoma (9 of 10 with medium/high intensity, 4 are displayed in Figure 4P) were respectively validated using immunohistochemistry data.



Functions and Pathways of TMC Family Genes in Human Cancers

We performed cancer-related functional and pathway analyses to investigate the potential role of TMC genes in human cancers. For each cancer type, the involved GO functions and KEGG pathways were analyzed only if the TMC genes were differentially expressed. Results showed that the genes significantly correlated with TMC genes in each cancer type may play similar roles in human cancers. They are mainly involved in intracellular and cell-cell cellular signal transduction to regulate cell proliferation, differentiation, and apoptosis by the stimulus of the endogenous (Figure 5A). Consistently, the common molecular functions they are involved in are signaling receptor binding (Figure 5B). Unsurprisingly, the cellular components they are involved in are the plasma membrane (Figure 6A). TMCs may play different functions in different tumors. For example, TMCs 4-8 are involved in the regulation of cell proliferation and cell death in KICH and CHOL (FDR<10e-50), but may not be involved in these functions for HNSC and OVCA (Figure 5A). The pathway analysis indicated that the differentially expressed TMC genes were associated with melanogenesis and Wnt signaling (Figure 6B). Importantly, we noticed that the results showed that TMCs may play a role in the tumor microenvironment. Specifically, GO biological process analysis showed that deregulated TMCs were involved in immune system regulation, leukocytes/lymphocytes differentiation (Figure 5A). GO molecular function analysis revealed that deregulated TMCs were involved in immune receptor activities (Figure 5B). Pathway analysis also showed that deregulated TMCs were associated with T cell/B cell receptor activity, NK cell-mediated cytotoxicity, and leukocyte transendothelial migration (Figure 6B). It is known that leukocyte transendothelial migration is indispensable to initialize the innate or adaptive immune response. Together, these results indicated the critical role of TMCs in the tumor microenvironment of diver cancers.




Figure 5 | The involved biological processes and molecular functions of differentially expressed TMCs in human cancers. (A) The involved biological processes and (B) molecular functions of TMCs 4-8 in cancers. The genes significantly correlated with TMC genes in each cancer were used for functional enrichment analysis.






Figure 6 | The involved cellular components and signaling pathways of differentially expressed TMCs in human cancers. (A) The involved cellular components of TMCs 4-8 in human cancers. (B) The involved KEGG pathways of TMCs 4-8 in cancers.





The Role of TMC Genes in the Tumor Microenvironment and Immunotherapy Response of Human Cancers

We investigated the correlation between immune cells and TMC genes in human cancers (Figure 7). Results showed that the TMC6 and TMC8 showed higher similarity in tumor immune cells (Figures 7C, E). Different from the classification based on amino acid sequence homology, TMC5, and TMC6 belong to the same subfamily (subfamily 2) (5), but they showed opposite relationships with immune cells in cancers (Figures 7B, C). Notably, TMC8 was highly correlated with T/CD8+ T cells, B cells, and tumor-infiltrating lymphocytes in 29 cancers (Figure 7E), while TMCs 4 and 7 were negatively correlated with these cells in some of the cancers such as THYM and BLCA (Figures 7A, D). We further performed the correlation between the expression of TMCs and tumor mutation burdens and PD-L1 expression to evaluate the potential immunotherapeutic response. Results showed that TMC5 was significantly associated with tumor mutation burdens in esophagus carcinoma, lung adenocarcinoma, and breast cancer (Figure 8A). TMCs 4-8 were associated with PD-1/PD-L1/CTLA4 expression in diverse cancer types, such as breast cancer and skin melanoma (Figures 8B–D). Analysis of computed tumor immune infiltrating estimation score (such as CIBERSORT and xCell algorithm) also revealed that the TMCs were significantly associated with the infiltrating immune cells (Figure 9, BH-adjusted P<0.01). For example, TMC6 and TMC8 were highly positively correlated with macrophages, B cells, and T cells in most cancer types, while TMC4, TMC5, and TMC7 were negatively correlated with those cells in diverse cancer types (Figure 9).




Figure 7 | The immune-cell relevance of TMCs in human cancers. The relevance between 13 types of immune cells and (A) TMC4, (B) TMC5, (C) TMC6, (D) TMC7, and (E) TMC8 in 33 human cancer types. For better visualization, the cells with Pearson correlation coefficients r were set to zero if the Benjamini-Hochberg adjusted P value > 0.01.






Figure 8 | The role of TMCs in immunotherapeutic response. (A) The forest plot for the clinical enrichment analyses of tumor mutation burden based on the expression of TMCs in the TCGA datasets. (B–D) The expression correlation between TMCs and PD-1/PD-L1/CTLA4 in 33 cancer types. Only cells with P < 0.05 were shown in color. *P < 0.05, **P < 0.01, ***P < 0.001.






Figure 9 | The tumor microenvironment analysis of TMCs in cancer. The correlation between single sample tumor-infiltrating estimation scores (estimated based on CIBERSORT, EPIC, MCP-counter, quanTIseq, xCell, and TIMER methods) and expression of TMCs in cancer.





The Predictive Value of TMCs in Immunotherapeutic Clinical Benefits

The cohorts used to evaluate the predictive value of TMCs in immunotherapeutic clinical benefits were summarized in Table 1. The Riaz2017.GSE91061 cohort (n=51) was used as training set and the other cohorts were used as validation sets. We developed an IRP score based on the expression of TMCs 4-8 signature to predict whether patients have clinical benefit. The median value of the IPR score was used as the cut-off to divided the patients into high and low groups. Results showed that the IRP score had a high sensitivity and specificity in the training set (P = 0.017, odds ratio = 2.732, 95% confidence interval = 1.267-7.342, AUC=0.901, Figure 10A), Lauss2017.GSE100797 cohort (P = 0.028, odds ratio = 2.309, 95% confidence interval = 1.222-11.825, AUC=0.825, Figure 10B), and TCGA.antiCTLA4 set (P = 0.031, odds ratio = 2.145, 95% confidence interval = 1.192-8.432, AUC=0.77, Figure 10C). It also showed a high performance in Gide2019.antiPD1/antiCTLA4 cohort (P = 0.036, odds ratio = 2.007, 95% confidence interval = 1.084 -9.863, AUC=0.744, Figure 10D), and Hugo2016.GSE78220 (P = 0.044, odds ratio = 1.809, 95% confidence interval = 1.034-7.432, AUC=0.698, Figure 10E). Thus, all cohorts concordantly showed that a higher IRP score predicts a higher immunotherapeutic response.


Table 1 | Skin melanoma cohorts for analysis of immunotherapeutic clinical benefits.






Figure 10 | Evaluation of immunotherapeutic response. (A) The ROC curve of IRP score in prediction of immunotherapeutic response of skin melanoma in the training set. The median value of the IRP score was used as a cut-off to divide the patients into low- and high groups. (B–E) The ROC curves of IRP scores in the prediction of immunotherapeutic response of skin melanoma in the validation sets. The immunotherapy information of the analyzed datasets was shown in Table 1.






Discussion

Growing evidence showed that TMC channels may play an important role in cancer and may have clinical value. In the present study, by integrating the multi-omics pan-cancer big data, we systematically analyzed the basal expression levels of TMC family genes in human normal tissues, and their expression dysregulations, DNA methylation, genomic changes, involved cancerous pathways, their correlation with the immune cells and immunotherapeutic response, and their clinical potential in human cancer samples. We show that the TMC genes were tissue-specifically expressed. TMCs were differentially expressed in many cancer types and may be affected by DNA methylation disorders and genomic alterations. We found that TMCs were significantly correlated with patient survival of diverse cancers. For example, six cohorts validated that lower expression of TMC5 was associated with a higher risk of post-treatment relapse of breast cancer. Also, four cohorts showed that lower expression TMC8 was associated with the poorer overall survival of skin melanoma. Functional and pathway analyses indicated that TMCs play a critical role in the tumor microenvironment. Furthermore, TMCs were commonly associated with TMB, and expression of PD-1/PD-L1/CTLA4, which implied that TMCs may be of potential value in the prediction of immunotherapeutic response. Finally, we developed a novel signature based on TMCs 4-8. The higher level of the signature predicts the higher immunotherapeutic response.

The previous evidence showed that TMCs 1-3 are expressed at low levels in human tissues, whereas TMCs 4-8 are expressed at higher levels in multiple tissues. Here, we analyzed the basal expression levels of TMC genes in ~50 tissue types and >30 cancer types. The results further confirmed that TMCs 1-3 were almost not expressed in all investigated normal tissues and cancers, while the TMCs 4-8 were widely expressed in diverse tissues and cancers. Surprisingly, we discover that TMC3 was specifically expressed in parathyroid tissue and could distinguish the parathyroid adenoma (higher TMC3 levels) and normal parathyroid glands (lower TMC3 levels). Moreover, immunochemistry data further validated the higher expression level of TMC3 in parathyroid adenoma compared with parathyroid glands. Currently, the preoperative diagnosis of parathyroid adenoma is difficult and mainly depends on clinical parameters, such as clinical symptoms, imaging, and parathyroid gland weight (22, 23). The molecular biomarker may improve the diagnosis of parathyroid adenoma.

We observed the frequent dysregulation of TMCs 4-8 in human cancers. The dysregulations of TMCs were significantly correlated with overall survival and relapse, indicating that TMCs may play an important role in cancer biology. The DNA methylation and genomic changes can affect the expression of TMC genes in cancer, thus the differential DNA methylation and genomic mutation and CNVs were analyzed. We identified 16 common mutations, 11 differentially methylated CpGs, and 25 copy number alterations of TMC genes in cancers, such as TMC5 amplification, were frequently detected in breast cancer (523/1062, 49.2% of patients). These epigenomic and genomic changes may be responsible for the cancer-specific dysregulation of TMC genes in cancer. Moreover, the cancer-specific dysregulation of TMC genes suggests that TMC genes may play different roles in different cancer types. To investigate how the TMCs play a role in cancer progression, we analyzed their functions and pathways. Results indicated that TMCs were associated with the tumor microenvironment. We found that the relationship between TMC genes and immune cells varies in different cancers. Interestingly, in 29 types of solid tumors, TMC8 showed a high positive correlation with T cells, B cells, and tumor-infiltrating lymphocytes, while TMCs 4 and 7, which belonged to the same subfamily with TMC8 (5), showed the opposite relationship with immune cells. It suggested that TMC8 and TMCs 4 and 7 may belong to different functional subfamilies in cancer. Currently, many robust tools can evaluate the immune cell proportions, such as CIBERSORT, xCell, and ImmuCellAI (24). Multiple tools were applied and the evidence of single sample infiltrating estimations further validated the association between TMCs and tumor microenvironment. Because of the significant association between TMCs and tumor microenvironment, TMB, and PD-1/PD-L1/CTLA4, we hypothesis that TMCs may have predictive value in immunotherapeutic response. We focussed on the evaluation of the predictive role of TMCs in skin melanoma. We used the Riaz.2017 dataset as the training set to fit the model for the prediction of immunotherapy. Results showed that it had high sensitivity and specificity (AUC >0.9). We keep in mind that the anti-PD1 therapy was applied to the patients in the training dataset. Thus further validation using two independent cohorts of anti-PD1 therapy (Gide2019 dataset and Hugo2016 dataset, Table 1) was performed. It confirmed the good performance of TMCs signature in the prediction of anti-PD1 immunotherapy response (AUCs >0.7). The performance of the TMCs signature in the Hugo2016 dataset was relatively low, probably because of the small sample size. Moreover, we further investigated the predictive value of TMC signatures in other types of immunotherapy. Surprisingly, the performance of the TMC signatures in anti-CTLA4 and adoptive T cell therapy (AUCs >0.75) is promising, implying that TMCs might serve as a more generalized tool for the prediction of immunotherapeutic responses. Taken together, all cohorts concordantly showed that a higher IRP score predicts a higher immunotherapeutic response.



Conclusions

In conclusion, we show that TMC5 is an independent prognostic marker for post-treatment relapse of breast cancer. Also, four cohorts showed that TMC8 is an independent prognostic marker for the overall survival of skin melanoma. A novel five-gene signature (i.e., TMCs 4-8) was established for IRP in skin melanoma. Patients with higher IRP scores are predicted to have higher immunotherapeutic clinical benefits. These data provide a landscape of the functional role of TMC channels in cancer and may provide new biomarkers for the prognosis and immunotherapeutic response of breast cancer and skin melanoma. Our analysis pipeline may be utilized for multi-omics feature investigations in future studies encompassing other gene families, or gene signatures, which will uncover more clinical-associated omics changes in cancer.



Materials and Methods


Cancer Multi-Omics Data

The gene expression data of human tissues were downloaded from the FANTOM5 (45 tissue types) (25), Human Protein Atlas (HPA, 43 tissue types) (26), and GTEx databases (54 tissue types) (27). The DNA methylation data, somatic mutation data, copy number alteration (CNA) data, mRNA expression, and patient clinical information from the TARGET and Cancer Genome Atlas (TCGA) projects (33 cancer types, https://portal.gdc.cancer.gov/) were also downloaded. The expression data of the TCGA-GTEx dataset were downloaded from the UCSC Xena (https://xena.ucsc.edu/). This dataset was generated based on the re-computation of raw RNA-seq data from TCGA and GTEx projects by the UCSC Xena project and was widely used as affiliate evidence to compare tumor-normal expression differences. We further integrated the expression array of GPL570 (Affymetrix Human Genome U133 Plus 2.0 Array) of 27 cancer types from the Gene Expression Omnibus (GEO) database. Also, we integrated the DNA methylation array of GPL13534 (Illumina HumanMethylation450 BeadChip) for 27 cancer types from the TCGA and GEO databases. The multi-omics data were preprocessed as described before (2). Precisely, the raw.CEL expression data of the GPL570 array from GEO were downloaded and preprocessed using the affy package. The expression matrix of each cancer type was quantile normalized for downstream analyses. The raw.idat methylation data of the GPL13534 array from GEO and TCGA were preprocessed using the minfi package (28) and were integrated for each cancer type. The datasets used in this study are listed in Tables S1–S3.



Expression, Mutation, DNA Methylation, and Copy Number Alteration Analyses

The basal expressions of TMC family genes were investigated based on FANTOM5, HPA, and GTEx datasets. Genes were considered not expressed if protein-coding transcript per million (pTPM) expression of FANTOM5 < 1, scaled tags per million expressions of HPA < 1, transcript per million (TPM) of GTEx < 1, or fragments per kilobase of transcript per million fragments mapped (FPKM) of TCGA < 0.1.

As TMC1, TMC2, and TMC3 were not expressed in almost all analyzed tissues, the differential analyses, mutation, and copy number alteration analyses were only performed in 27 cancer types. The differential methylation analysis and differential expression analysis for microarray data were performed based on the limma package in R software. The expression probes and methylation probes with Benjamini-Hochberg adjusted P value <0.05 were retained. The CNA analysis was based on GISTIC2.0 software (29). The somatic mutation analysis for each cancer was performed based on the MAF files from the GDC data portal (https://portal.gdc.cancer.gov/). The somatic mutations with frequency >= 0.05 of each cancer were considered significant mutations. The expression quantitative trait loci (eQTL) data of >50 human tissues were downloaded from the GTEx database. The genes with somatic mutations identified in >5% of patients of specific cancer were considered as significantly mutated genes. We identified the expression quantitative trait methylation (eQTM) and expression quantitative trait copy number (eQTCN) using paired expression-methylation or expression-copy number data based on the methods described before. The eQTMs and eQTCNs with Benjamini-Hochberg adjusted P value <0.05 were retained.



Functional and Pathway Analyses of TMC Family Genes in Human Cancers

The Gene Ontology (GO) functional analysis and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were performed based on the genes significantly correlated with TMC genes in each cancer type. The expressions of gene pairs with Pearson correlation coefficients |r| ≥0.3 and Benjamini-Hochberg adjusted P values <0.01 were considered significantly associated. The 531 genes in the “pathway in cancer” super pathway of PathCards (https://pathcards.genecards.org/) were considered commonly cancer-associated genes and were used to perform gene expression correlation analyses. The enriched GO terms and pathways with Benjamini-Hochberg adjusted P value <0.01 were considered statistically significant.



Immune Cell/Infiltrating Analysis and Clinical Enrichment Analysis of TMC Family Genes

To analyze the correlation between TMC genes and immune cells in each cancer type, we performed the Pearson correlation analyses based on the expression of TMC genes and the marker genes of the immune cells (T cells, CD8+ T cell, B cell, dendritic cell, M1/M2 cell, Th1/Th2 cell, Treg cell, Macrophages, Natural killer cell, T helper cell, and Tumor-infiltrating lymphocytes) (30). The marker genes of the immune cells with Benjamini-Hochberg adjusted P value <0.01 were considered statistically significant. The tumor mutation burdens (TMB) of each sample called by MUSE software from the TCGA datasets were downloaded from the GDC data portal. Fisher’s exact test was used to test whether the high-expression group (median as cut-off) were significantly enriched in the high-TMB group (median as cut-off). The correlation between TMCs expression and PD-1/PD-L1/CTLA4 expression was also analyzed. The tumor-infiltrating estimation score of each cell type for each sample was calculated based on CIBERSORT (31), EPIC (32), MCP-counter (33), xCell (34), quanTIseq (35), and TIMER (36) methods. Pearson correlations between infiltrating cell types and TMCs in 33 cancer types were performed to investigate the role of TMCs in tumor-infiltrating. The gene-cell pairs with BH-corrected P values < 0.05 were considered significant.



The Predictive Value of TMCs in Immunotherapy Response

The transcriptome data and corresponding clinical information of seven skin melanoma cohorts (TCGA-SKCM [n=15], Gide2019.antiPD/1antiCTLA4 [n=58] (37), Riaz2017. GSE91061 [n=51] (38), Lauss2017.GSE100797 [n=25] (39), and Hugo2016.GSE78220 [n=26] (40)) downloaded from the TIDE database (41) were used to evaluate the predictive value of TMCs in immunotherapeutic clinical benefits. Patients were treated with adoptive T cell therapy, anti-PD1, and/or anti-CTLA4 therapy. The treatment information of the seven cohorts was summarized in Table 1. After immunotherapy, patients with complete remission, partial remission (the RECIST criteria), or otherwise with an Overall Survival (OS) time of more than 2 years were considered to have clinical benefits. The logistic regression was performed based on the high/low level of an immunotherapy response predictive (IRP) score calculated based on the expressions of TMCs 4-8 as the following formula:



where n is the number of TMCs 4-8 (i.e., n=5) in the model, expi is the expression level of TMCi and coefi is the estimated regression coefficient of TMCi in the multivariate logistic regression model. The median IPR score was used as a cut-off to divide the patients in the training (Riaz2017. GSE91061) cohort and validation cohorts into low-risk and high-risk groups. The Receiver Operative Curve (ROC) and Area Under Curve (AUC) were used to evaluate the sensitivity and specificity of the classifier. The 5-fold cross-validation was used to avoid overfitting.



Cox Regression Analysis

The univariate Cox regression analyses were performed based on the expression of TMC family genes in cancers. The genes with BH-adjusted P value <0.05 were considered as candidate variables and were subjected to the multivariate Cox regression model. The multivariate analyses were performed based on the TMC gene expression and patient clinical information, such as TNM stage, grade, and age. The Cox regression analysis was performed using survival and survplot packages in R software. Genes with the log-rank P value <0.05 were considered statistically significant.



Immunohistochemistry Data of HPA

The immunohistochemistry data from HPA (26) were used to validate the protein expression levels of TMC3, TMC5, and TMC8 in human normal tissues and tumors. The protein expressions of TMC3 (antibody serial number: HPA040510) were analyzed in the normal parathyroid gland (1 patient sample was analyzed, i.e., patient 5745) and parathyroid adenoma (1 patient sample was analyzed, i.e., patient 3176). The protein expressions of TMC5 (antibody serial number: HPA040810 and HPA042037) were analyzed in normal breast (patient 2773), breast with lobular carcinoma (patient 3546), and breast with duct carcinoma (patient 1910 and patient 2428). A total of 21 patient samples of breast cancer were analyzed. The protein expressions of TMC8 (antibody serial number: HPA054429) were analyzed in normal skin (patient 2773), and skin with malignant melanoma (patient 2534, patient 3060, and patient 4023). A total of 10 patient samples of skin melanoma were analyzed.
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Ovarian cancer (OC) is a devastating malignancy with a poor prognosis. The complex tumor immune microenvironment results in only a small number of patients benefiting from immunotherapy. To explore the different factors that lead to immune invasion and determine prognosis and response to immune checkpoint inhibitors (ICIs), we established a prognostic risk scoring model (PRSM) with differential expression of immune-related genes (IRGs) to identify key prognostic IRGs. Patients were divided into high-risk and low-risk groups according to their immune and stromal scores. We used a bioinformatics method to identify four key IRGs that had differences in expression between the two groups and affected prognosis. We evaluated the sensitivity of treatment from three aspects, namely chemotherapy, targeted inhibitors (TIs), and immunotherapy, to evaluate the value of prediction models and key prognostic IRGs in the clinical treatment of OC. Univariate and multivariate Cox regression analyses revealed that these four key IRGs were independent prognostic factors of overall survival in OC patients. In the high-risk group comprising four genes, macrophage M0 cells, macrophage M2 cells, and regulatory T cells, observed to be associated with poor overall survival in our study, were higher. The high-risk group had a high immunophenoscore, indicating a better response to ICIs. Taken together, we constructed a PRSM and identified four key prognostic IRGs for predicting survival and response to ICIs. Finally, the expression of these key genes in OC was evaluated using RT-qPCR. Thus, these genes provide a novel predictive biomarker for immunotherapy and immunomodulation.
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Introduction

Ovarian cancer (OC) is one of the most lethal gynecological malignancies. Because the early symptoms are not obvious and progress is rapid, it is usually diagnosed during the late stages (1). At present, the clinical treatment of OC is based on surgery and chemotherapy; however, they do not substantially improve survival (2). Therefore, immunotherapy for OC has attracted widespread attention. A consensus that OC is an immunogenic tumor has been reached among researchers (3). The combined application of OC immunotherapy and traditional treatment methods can improve the treatment effect (4, 5), but the prognosis is important differences. Therefore, further insights into the mechanisms underlying these differences are essential for the discovery of tumor prognostic markers.

The tumor microenvironment plays a vital role in tumor occurrence and development. Among the slew of micro-environment factors, the heterogeneity of the immune tumor microenvironment affects the treatment effect of patients and is a potential obstacle to the development of personalized immunotherapy (6, 7). Thus, looking for differentially expressed genes (DEGs) in the tumor immune microenvironment, along with evaluating their functions, is expected to result in new immune checkpoints.

Herein, we investigated the ability to predict disease prognosis based on immune-related genes (IRGs) differentially expressed in the tumor microenvironment. Differentially expressed gene data for patients with OC were downloaded from The Cancer Genome Atlas (TCGA) database. For module detection, we applied a weighted gene co-expression network analysis (WGCNA) to select the module gene with the highest correlation with the immune score in order to construct immune-related gene pairs (IRGPs). Furthermore, a prognostic risk scoring model (PRSM) was created using the IRGPs. We used the Gene Expression Omnibus (GEO) database to verify the PRSM, which was used to calculate the patient’s risk score (RS), and then divided the patients into low-risk and high-risk groups (LRG and HRG, respectively). We then identified key prognostic (IRGs). Finally, we downloaded response data to chemotherapy drugs from CellMiner™ (https://discover.nci.nih.gov/cellminer/) to analyze the relationship between IRGs and drug resistance.



Materials and Methods


OC Samples Data Collection and Processing

In our study, we used tissue samples from different high-throughput platforms, namely TCGA (https://portal.gdc.cancer.gov/) and GEO (http://www.ncbi.nlm.nih.gov/geo/). We gathered 664 OC high-throughput gene datasets containing 379 samples from TCGA and 285 samples from GEO (GSE9891). Only 505 patients with complete information were included in the analysis, comprising 375 OC samples from TCGA and 130 OC samples from GEO (GSE103479). We converted the gene ID to the matching gene symbols according to the annotation package corresponding to each dataset. TCGA data were chosen as the model group and GEO data were used as the verification group. In the analysis, we excluded RNA that could not be detected in >10% of the samples.



Preliminary Screening of IRGs

The R package “ESTIMATE” (8) is an algorithm based on ssGSEA, which is used to evaluate the immune infiltration in TCGA samples. The expression matrix of each tumor sample was scored using two related gene sets: stromal and immune. Then, the R package “maxstat” (9) was employed to calculate the cut-off values of the immune and matrix scores. Subsequently, all samples were divided into the high/low immune and stromal score groups. The R package “survcomp” (10) was used for visualization, and a Kaplan-Meier survival curve was obtained. Moreover, the same R package was used to compare survival differences between the two groups based on the log-rank test. The R package “Limma” (11) was used to analyze DEGs (|log2foldchange| > 0.5, p-adj < 0.05). Subsequently, we took the intersection between up- and down-regulated DEGs, and screened out the IRGs in OC, displaying them using a Venn diagram.



Establishment of Co-Expression Algorithm of IRGs

A WGCNA (12) was used to identify consensus gene modules from IRGs, analyze modules, and calculate the correlation of results using “ESTIMATE”. First, we constructed an adjacency matrix (AM) of paired genes using a power function. An appropriate power index was selected to increase the similarity of the matrix and build a scale-free co-expression network. The AM was then converted into a topological overlap matrix (TOM). Based on the TOM dissimilarity measurements, we performed an average linkage hierarchical cluster analysis. The correlation coefficient (CC) was determined between module eigengene and stromal and immune scores. Gene significance (GS) was defined as the mediated p-value of each gene (GS = lgP) in the linear regression between gene expression and scores. Finally, a gene clustering tree was constructed based on the correlation between the expression levels of genes and the gene module.



Further Screening of IRGs and Construction of IRGPs

To further identify IRGs and construct immune gene pairs, we selected the module with the highest CC with the immune score and calculated the GS and module membership (MM) in this module. MM is a measure of the connectivity between genes and modules. The threshold was defined as a cor. gene MM > 0.7 and cor. gene GS > 0.7. We constructed gene pairs for the selected IRGs to eliminate sequencing errors between different platforms and samples. Specifically, the expression levels of any two genes were compared in each sample. If the former was greater than the latter, it was recorded as 1, and vice versa. After removing the IRGPs with minimal expression and uneven distribution (MAD = 0), univariate Cox proportional hazards regression analysis was performed on the remaining IRGPs in the model group. The IRGPs with p < 0.05 in Cox regression were retained for Lasso-Cox proportional hazards regression with 1000 simulations using the R package “glmnet” (13). The receiver operating characteristics (ROC) for 5 years was drawn using R package “survival ROC” (14) and the area under the curve was determined. The best cut-off points were marked on the ROC curves. Finally, a predictive model was applied to the validation group. All patients were classified into either the HRG or LRG based on the optimal cut-off of the RS.



Validation of the Predictive Model

Prognostic analysis was performed on high- and low-risk patients and validation groups using the log-rank test to verify the accuracy and consistency of the PRSM. Then, in the model group with complete clinical information, the risk score was combined with other clinical factors to perform single-factor and multi-factor Cox regression analysis to further verify the independent influence of the RS.



Immune Infiltration in the HRG and LRG

To elucidate differences in immune cell infiltration between the HRG and LRG, we adopted another algorithm to estimate the relative infiltration abundance of 22 immune cells in different samples by using the R package “CIBERSORT” (15). Then, we reserved the samples with p < 0.05, estimated using “CIBERSORT”, and performed a differential analysis of the content of various immune cells in the HRG and LRG using a Wilcoxon rank-sum test.



Functional Enrichment Analysis

For the purpose of studying the biological functions of differential IRGs and genes in the PRSM, we employed the bioconductor package “fgsea” (16) to perform Gene Ontology- (GO)- and Kyoto Encyclopedia of Genes and Genomes- (KEGG)- related gene set enrichment analysis (GSEA) with 10,000 permutations. To compare genes between the HRG and LRG, we performed log2 multiple conversions and sorted the ratio of gene expression. The threshold values were set to p < 0.05.



Identification of Key Prognostic IRGs

To further screen the key prognostic IRGs, we performed protein interaction network analysis using STRING (https://www.string-db.org) on the IRGPs. We selected the top 30 genes in the network and the genes in the model to intersect and analyze the prognosis of the intersection genes. After obtaining the key prognostic IRGs, we used the DisNor database (https://disnor.uniroma2.it/) to analyze their upstream and downstream related proteins and mode of action. DisNor is a disease-focused resource that uses the causal interaction information annotated in SIGNOR and the protein interaction data in Mentha to generate and explore protein interaction networks linking disease genes.



Validation of DEGs Using RT-qPCR

The expression of these key prognostic IRGs in fresh frozen OC tissue samples was determined using RT-qPCR. Fresh ovarian cancer tissues and normal ovarian tissues were obtained from Harbin Medical University Cancer Hospital. Trizol reagent (Ambion, Shanghai, China) was added to OC tissues, and total RNA was extracted according to the manufacturer’s instructions. After elution with RNase-free water, RNA was stored at – 80°C until further analysis. RNA quality was evaluated using a spectrophotometer (Eppendorf), and then reverse-transcribed into cDNA using a reverse transcription kit (Vazyme, Nanjing, China). RT-qPCR was performed using SYBR Green PCR kit. The RT-qPCR primers for CD163, Toll-like receptor 4 (TLR4), Bruton’s tyrosine kinase (BTK), and C3AR1 were designed using the Prime Bank website (17). GAPDH was used as an internal control. PCR cycling conditions were as follows: 95°C for 2 min, followed by 94°C for 20 s, 58°C for 20 s, and 72°C for 30 s for 40 cycles. For RT-qPCR experiments, all samples were prepared in triplicate. Expression of these genes was calculated using the comparative cycle threshold (2−ΔΔCt) method.



A Sensitivity Analysis of Different Treatment Modalities

To evaluate the value of prediction models and key prognostic IRGs in the clinical treatment of OC, we analyzed the treatment sensitivity from three aspects: chemotherapy drugs, targeted inhibitors (TIs), and immunotherapy.

First, we calculated the 50% reduction growth (IC50) concentration caused by TIs using the R package “pRRophetic” (18), including AKT, Hedgehog (HH), VEGFR, and JNK/STAT inhibitors. The Wilcoxon rank- sum test was used to compare the difference in IC50 between the different risk groups. In addition, we downloaded gene expression data and response data to chemotherapy drugs from CellMiner™ (https://discover.nci.nih.gov/cellminer/) from the same batch. Drugs that were clinically tested and not approved by the FDA were excluded. We then extracted key prognostic IRGs from gene expression data and analyzed the correlation between their expression and drug sensitivity.

Immunogenicity is determined by a variety of IRGs, including genes related to effector cells, immunosuppressive cells, major histocompatibility complex molecules, and immune regulatory factors. Using machine learning, the immune-phenotyping score (IPS) can unbiasedly assess and quantify immunogenicity. To evaluate the effect of immunotherapy, we downloaded the IPS of patients with OC from the TCIA database (https://tcia.at/) and compared the IPS between the HRG and LRG in different immunotherapy decisions. In addition, we analyzed the differences in the expression of seven important immuno-suppressive checkpoint genes in the HRG and LRG.




Results


Grouping of DEGs Based on Immune and Stromal Scores

To study the differentially expressed IRGs of OC, TCGA data were filtered, grouped, normalized, and differentially expressed. Through these processes, 1,408 DEGs were screened out, which were divided into HRG and LRG according to their immune and stromal scores. The Kaplan- Meier survival curve, based on immune score, was plotted for patients in the HRG and LRG, and the results showed that the overall survival (OS) of the HRG was significantly lower than that of the LRG (p = 0.003) (Figure 1A). However, there was no statistically significant difference in OS between the HRG and LRG based on the stromal score (p = 0.266) (Figure 1B). Subsequently, we analyzed the DEGs in different groups of samples separately based on the two scores through the R package “Limma” and divided them into high expression and low expression (Figures 1C, D). The Venn diagrams (Figures 1E, F) demonstrate the overlap of both upregulated and downregulated IRGs in two independent scores.




Figure 1 | (A) A survival curve based on immune score for patients in the HRG and LRG. (B) A survival curve based on stromal score for patients in the HRG and LRG. (C) Heatmap plots of DEGs in immune score of OC. (D) Heatmap plots of DEGs in stromal score of OC. (E) Venn diagram depicting the number of upregulated DEGs based on two scores. (F) Venn diagram depicting the number of downregulated DEG based on two scores.





Screening of the Most Significant Modules and IRGs Using WGCNA

WGCNA was utilized to frame a gene co-expression network to identify biologically meaningful gene modules, to further understand the genes causing the differences in OC immune infiltration. A Power index of = 4 was selected as the optimal soft-thresholding parameter after excluding the outlier data (scale-free R2 = 0.981) (Figure 2A). A scale-free co-expression network was constructed using 1,408 DEGs (Figure 2B). Finally, nine modules, CC, and p values were obtained (Figure 2C). We determined that the turquoise module had the highest correlation with the immune score (CC = 0.89, p < 0.001) and ESTIMATE score (CC = 0.86, p < 0.001). Therefore, we chose the turquoise module for subsequent analysis.




Figure 2 | (A) In order to achieve a scale-free co-expression network, we chose power index = 4 as the appropriate soft threshold. (B) Identification of a gene consensus module. The branches of the dendrogram correspond to four different gene modules. (C) Correlation between the gene modules and tumor microenvironment related scores, including immune score, stromal score, and ESTIMATE score. Each cell contains corresponding correlation coefficient and p-value. The correlation coefficient decreased in size from red to blue. (D) Scatter plot of module eigengenes in the turquoise module.





Construction of the PRSM Using IRGPs

We screened 173 relatively critical IRGs (cor. gene MM > 0.7 and cor. gene GS > 0.7) (Figure 2D). The establishment of 14,878 IRGPs was conducted by pairwise alignment of these 173 genes. After the removal of the IRGPs with small variation (0 or 1< 20%), the remaining 771 IRGPs were analyzed using univariate Cox proportional hazards regression. There were significant differences in the 36 IRGPs (p < 0.01) (Supplementary Table S1). We then performed the analysis of these IRGPs in the model group using Lasso-Cox proportional hazards regression. In the final PRSM, 15 prognostic-related IRGPs and their corresponding risk coefficients were determined (Table 1). The RS of each patient in the model group was calculated using the PRSM. We conducted an ROC analysis using the R package “survivalROC” to measure the prognostic ability of the RS model. Based on the 5-year ROC curve, we set the best cut-off value to 0.665 to classify the patients into either the HRG or the LRG (Figure 3A). The survival curves of the HRG and LRG indicated that the OS in the HRG was worse than that in the LRG, and the difference between the two groups was statistically significant (p < 0.001) (Figure 3B). To verify the predictive capability of different datasets, we applied the PRSM to 130 OC samples from GEO (GSE9891) as a validation group. The log-rank test was performed to test the difference in OS between the HRG and LRG compared to the validating groups. The results were consistent with those of the model group, because the OS of the HRG was significantly worse than that of the LRG (p = 0.026) (Figure 3C). We performed univariate and multivariate Cox regression analyses of RS and clinical variables for OS of OC patients. The results suggested that RS was an independent prognostic factor for OC (Figures 3D, E).


Table 1 | Prognostic risk scoring model information including 15 immune-related gene pairs.






Figure 3 | (A) Time-dependent receiver operating characteristic (tROC) analysis of the prognostic risk score model. (B) Kaplan-Meier curve of overall survival in model group. (C) Kaplan-Meier curve of overall survival in validation group. (D) Univariate-Cox regression analyze of prognostic factors in model group. (E) Multivariate-Cox regression analyze of prognostic factors in model group.





Immune Infiltration Within Different Risk Groups

To explore the specific cell types that cause the difference in immune infiltration between the HRG and LRG, we applied “CIBERSORT” to estimate the relative infiltration abundance of immune cell type abundance of 21 types of immune cells in different samples. The Wilcoxon rank- sum test was used to analyze the differences in the contents of various immune cells in the HRG and LRG (Figure 4A). The results indicated that macrophage M0 (p = 0.011), macrophage M2 (p = 0.048), and Tregs (p < 0.001) were highly expressed in the HRG. In addition, activated memory CD4+ T cells (p = 0.049), T follicular helper cells (p = 0.045), and activated dendritic cells (aDC) (p < 0.001) were highly expressed in the LRG (Figure 4B). The results showed specific immune-related reasons for the poor prognosis in the HRG.




Figure 4 | (A) Summary of the 22 immune cell types abundance estimated by “CIBERSORT” within different risk groups. (B) The differences of 22 immune cell types abundance within different risk groups. Macrophage M0 (p = 0.011), macrophage M2 (p = 0.048), and Treg cells (p < 0.001) were significantly highly expressed in the HSG. Activated memory CD4+ T cells (p= 0.049), T follicular helper (p = 0.045), and activated dendritic cells (aDC) (p < 0.001) were significantly higher in the LSG.





Functional Analysis and Identification of Key IRGPs

To study the prognosis of the differences between the HRG and LRG in molecular functions, biological processes, and cellular components, we conducted GO-related GSEA (Figure 5A). Collectively, these immune-related alterations offer a basis for the molecular mechanism of the PRSM. Through KEGG pathway analysis, we obtained information on the pathways of key IRGPs (Figure 5B). We selected the genes with nodes ranked among the top 30 in the selected network that intersected with IRGPs in the PRSM (Figure 6A). We then selected genes related to prognosis by plotting Kaplan- Meier survival curves. The key intersection genes included BTK, CD163, TLR4, and C3AR1. In the OS curve, patients in the high expression group had a significantly poorer prognosis than those in the low expression group (all p < 0.05) (Figure 6B). The DisNor database was used to analyze the upstream and downstream proteins of these four genes and their modes of action. These results strongly suggested that the genes directly interacted with key genes and their binding sites (Figure 6C). The results revealed that these key genes were involved in the immune response, inflammation, and vascular penetration.




Figure 5 | (A) GO-related GSEA between different risk groups. (B) Functional enrichment analysis of KEGG for key IRGs.






Figure 6 | (A) Gene nodes ranked among the top 30 in the PPI analyses. PPI, protein-protein interaction. (B) Kaplan-Meier curves of overall survival in four prognostic key IRGs. IRGs, immune related genes. (C) The causal interaction of key gene analysis in DisNor.





RT-qPCR Analysis of the Candidate Genes

To explore whether the expression of these candidate genes was altered in OC, we performed RT-qPCR on OC tissues and normal ovarian tissues. As shown in Figure 7, all four key prognostic IRGs displayed meaningful results in the RT-qPCR assay. These four key prognostic IRGs were expressed at low levels in normal tissues and were highly expressed in tumor tissues (p < 0.01). This result is in line with our previous results from TCGA and GEO validation.




Figure 7 | RT-qPCR analysis of four key IRGs in the ovarian cancer tissues and normal ovarian tissues. All experiments were performed in triplicate. **p- value t-test < 0.01; ***p- value t-test < 0.001.





Sensitivity Analyses of Different Treatments

Chemotherapy is one of the most important therapeutic methods for treating OC. Gene expression data and response data for chemotherapy drugs were downloaded from CellMiner™ (https://discover.nci.nih.gov/cellminer/). The results revealed a positive correlation between the CD163 expression pattern and oxaliplatin efficacy (p < 0.05). The higher the expression of BTK, the better the therapeutic effect of oxaliplatin, carboplatin, and cyclophosphamide (p < 0.05). The expression of C3AR1 was more positively correlated with the therapeutic effects of oxaliplatin, carboplatin, etoposide, ifosfamide, and cyclophosphamide (p < 0.05) (Figure 8).




Figure 8 | Sensitivity analysis of key IRGs expression within different chemotherapeutic drugs.



Because resistance to chemotherapy drugs limits their therapeutic effect, immunotherapy is an emerging treatment method for OC. Recently, immune checkpoint inhibitors (ICIs) have been identified as promising cancer immunotherapeutic approaches. Therefore, based on the immunophenotypic score, we evaluated seven important immunosuppressive checkpoints. We verified the expression of these immune suppression checkpoints in the HRG and LRG, confirmed that they were all highly expressed in the HRG (Figure 9). These seven immune genes are expected to become immune suppression checkpoints. In addition, we separately calculated the IC50 concentrations of AKT inhibitor VIII, GDC0941, JNK inhibitor VIII, lapatinib, and GDC-0449 in the HRG and LRG. Except for GDC0449, other inhibitors had lower IC50 concentrations in the HRG (p < 0.05) (Figure 10). These results showed that the key IRGs we screened may be potential immunotherapy targets. When their expression is high, the effect of treatment is better, which provides a basis for the targeted therapy in patients.




Figure 9 | The expression differences of 7 immunosuppressive checkpoint genes in HRG and LRG.






Figure 10 | The sensitivity difference of multiple targeted inhibitors within different risk groups, including AKT inhibitor VIII, GDC0941, JNK Inhibitor VIII, Lapatinib, and GDC-0449.



Recent studies have shown that IPS can predict the therapeutic effects of ICIs in cancer patients. This was based on the existing high immunogenic potential. We applied the immunophenotypic score to compare the HRG and LRG after applying different ICIs (Figure 11). As shown in the figure, regardless of whether cytotoxic T-lymphocyte antigen 4 (CTLA-4) or programmed cell death protein 1 (PD-1) was used for treatment, the immunophenotypic score of the HRG was higher than that of the LRG. This finding indicated that treatment with ICIs was more effective for patients in the HRG.




Figure 11 | The association between IPS and risk groups of OC patients.






Discussion

OC is the second most common gynecological malignancy, with a high recurrence rate and chemoresistance. Primary debulking surgery followed by chemotherapy is the standard treatment for OC (19, 20). The application of anti-angiogenic drugs and targeted drugs has been applied in recent years (21, 22). However, these treatment options are still not ideal for improving patient survival. In recent years, immune cell-based treatment has become a promising method that can better treat and potentially cure malignant tumors that are difficult to cure using chemotherapy, surgery, or radiotherapy (23–25). Immunotherapy of OC has made considerable progress in the past two decades, such as with the use of PD-1 targeted therapy (26). However, some patients cannot benefit from immunotherapy, which may be due to the tumor immunosuppressive microenvironment (27, 28). Therefore, searching for differentially expressed immune-related biomarkers in the tumor immune microenvironment can provide important prognostic value and regulatory targets for immunotherapy, and provide a molecular basis for immunotherapy.

In the present study, based on the OC immune-related gene dataset, we screened IRGPs related to the OS of patients through the use of a PRSM. To avoid deviation of the results caused by a single database, we used the GEO database for verification. By analyzing the differences in immune cell infiltration between the HRG and LRG, we found that Tregs, M0 macrophages, and M2 macrophages had significantly high infiltration in the HRG. This infiltration of immune cells might favorably change the immunosuppressive status of the tumor microenvironment, as well as pathways involved in tumor metastasis and invasion (29, 30). It has been demonstrated that immune suppressor cells, including Tregs, M0 macrophages, and M2 macrophages, are associated with poorer outcomes (31, 32). Tregs induce T cell cycle arrest (33), produce granzyme and perforin to kill T cells (34), release cytokines, inhibit the expression of antigen-presenting cells, CD80, and CD86 (35), and directly inhibit T cell activation and promote tumorigenesis. In addition, a number of studies have demonstrated that M2 macrophages had tumor-promoting properties (36) and Stat6 was the major transcription factor responsible for the induction of M2 genes (37). Associated with this, we observed strong enrichment for STAT pathway members in GSEA. In a recent study, Izar et al. demonstrated that JAK STAT pathway activation and the enrichment of M2 macrophages in high-grade serous OC were associated with poor prognosis through single-cell sequencing technology (38). In the LRG, T follicular helper cells, activated memory CD4+ T cells, and dendritic cells were highly expressed. Tfh cells are the key to enhancing the immune response and understanding their functions will help in the development of vaccines. In addition, in many studies, CD4+ T cells have been shown to enhance antitumor immune function by regulating dendritic cells or stimulating other pro-inflammatory myeloid cells (39–41). These findings provide strong evidence that tumor-infiltrating immune cells have prognostic value in patients.

In our study, we screened four prognostic key IRGs from the PRSM, in which CD163 and TLR4 are type I transmembrane proteins, BTK is a key regulator of the B-cell receptor signaling pathway, and C3AR1 is a transmembrane G protein-coupled receptor protein with seven membrane-spanning domains. CD163 is considered to be a highly specific marker of M2 macrophages, which is a scavenger receptor expressed on monocytes and macrophages (42). CD163 can be used as an immune modulator and aids in the inflammatory response (43), and as a member of the tumor-associated macrophage family, it has an important impact on tumor proliferation and metastasis (44). TLR4 triggers immune responses via the TLR4 signaling pathway (45, 46) and promotes tumor development and progression via pro-inflammatory responses (47). BTK is a member of the Tec family of tyrosine kinases. As a component of the TLR pathway, BTK plays an important role in innate and adaptive immune functions (48). BTK inhibitors are currently approved by the FDA for the treatment of lymphoma and leukemia (49). Complement C3a is important in the regulation of immune response as well as in organ inflammation and injury (50). C3a/C3aR (C3a receptor) signaling promotes tumor growth by promoting immunosuppression through modulated tumor-associated macrophages, thereby repressing antitumor immunity (51). C3aR1 has been shown to be expressed abnormally in a variety of human cancers, and it predicts resistance to chemoradiation and poor prognosis in osteosarcoma (52). Although these IRGs are not exactly the same, they were all mainly enriched in pathways closely associated with the microenvironment and could predict the prognosis of related cancers. Therefore, the above studies have shown that these genes are key genes that affect prognosis, and should hopefully become targets for immunotherapy.

A series of studies have shown that ICIs are of great significance in the treatment of OC (4). However, only a small percentage of cancer patients respond to immunotherapy, presumably because of differences in the immunophenotypic, and tumor microenvironment characteristics (53). Thus, it is important to identify biomarkers for immune checkpoint blockade therapies in this specific setting. With the advent of the era of precision medicine, the model for assessing disease with a single prognostic marker has gradually been abandoned. Therefore, efforts to develop an effective immune-related model to provide a more adequate basis for evaluating the therapeutic effect of patients have been increased. We analyzed the relationship between IRG expression and chemotherapy sensitivity and found that the expression of the four IRGs we screened was positively correlated with chemotherapy sensitivity. Another important result was that the expression levels of immune checkpoints in the high-risk cohort were significantly higher than those in the low-risk cohort, which was consistent with the positive correlation between the RS and the expression level of immune checkpoints. Additionally, in the determination of the IC50 of the TIs, we found that the HRG was more sensitive to these drugs. However, owning to no published data regarding immunotherapy in ovarian cancer, we need other methods to predict the sensitivity of immunotherapies. Zlatko et al. created The Cancer Immunome Atlas (https://tcia.at/) and developed a scoring scheme for the quantification termed IPS (54). In this publication, IPS as a scoring scheme for solid cancers was a predictor of response to checkpoint blockade. We downloaded the IPS of patients with OC from the TCIA database (https://tcia.at/). The Cancer Immunome Atlas (TCIA) can be queried for the gene expression of specific immune-related gene sets, cellular composition of immune infiltrates, neoantigens and cancer-germline antigens, HLA types, and tumor heterogeneity. The IPS was proved to be a predictor of response to checkpoint blockers in patients with melanoma. IPS may serve as a useful tool for evaluating the efficacy of ICIs (55) and this view was verified in recent study. Furthermore, the close associations of sensitivity to tumor immunotherapy with immune checkpoint genes and tumor immune infiltration (56, 57). By compared the IPS between the HRG and LRG in different immunotherapy decisions, we found the immunophenotypic score of the HRG was higher than that of the LRG. We infer that these signatures were able to predict the sensitivity of immunotherapies via the methods described above.

Despite these promising results, this study has some limitations. First, the PRSM, established based on gene expression, was formed based on limited data from retrospective studies. Thus, a large number of studies are required to explore the specific functions of these key prognostic IRGs. Second, although our results uncovered these four IRGs as potentially useful biomarkers, these data will need to be further validated in large, prospective clinical trials.

In summary, we constructed a PRSM based on the difference in IRGs between the HRG and LRG. Among the differentially expressed IRGs, four key genes were identified through analysis of their prognostic impact. Through the study of these genes, we have a deeper understanding of immune-related mechanisms. These genes may be potential predictive markers for immunotherapy and immunotherapeutic targets, which in turn may open up a new chapter in OC immunotherapy.
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Background

Colorectal cancer is a lethal cancer worldwide. Due to the low tumor mutation burden and low proportion of tumor-infiltrating lymphocytes in the microenvironment of most patients, innovative immunotherapeutic approaches need to be identified.



Methods

Using the TCGA-COAD dataset (n = 514), we identified TNFRSF11B as a prognostic factor of colon cancer. An immunohistochemistry (IHC) dataset (n = 86), 290 single colorectal cancer cells (GSE81861), and 31 paired colon cancer transcriptional datasets were further applied to validate the function of TNFRSF11B, which was confirmed via fluorescence-activated cell sorting (FACS) analysis.



Results

A risk score system consisting of eight immune-related genes (IRGs) (FGFR2, ZC3HAV1L, TNFRSF11B, CD79A, IGHV3-11, IGHV3-21, IGKV2D-30, and IGKV6D-21) was constructed to predict the prognosis of colon cancer patients. Only TNFRSF11B was closely correlated with late-stage lymph node metastasis and worse survival outcomes (p = 0.010, p = 0.014, and p = 0.0061). In our IHC dataset, 72.09% (62/86) of the colon cancer patients had TNFRSF11B overexpression with significantly shorter overall survival times (p = 0.072). High TNFRSF11B expression typically had a later TNM stage (p = 0.067), a higher frequency of lymph node (p = 0.029) and lymphovascular (p = 0.007) invasion, and a higher incidence of pneumonia (p = 0.056) than their counterparts. The expression of six genes (KRT18, ARPC5L, ACTG1, ARPC2, EZR, and YWHAZ) related to pathogenic E. coli infection was simultaneously increased with TNFRSF11B overexpression via gene set enrichment analysis (GSEA). These genes are involved in the regulation of the actin cytoskeleton, shigellosis, bacterial invasion of epithelial cells, and Salmonella infection. Finally, only activated memory CD4+ T cells (p = 0.017) were significantly decreased in the high TNFRSF11B expression group via CIBERSORT comparison, which was confirmed by TIMER2.0 analysis of the TCGA-COAD dataset. We also performed FACS analysis to show that TNFRSF11B decreased the infiltration of central memory CD4+ T cells and effector memory CD4+ T cells in the colorectal cancer microenvironment (all p <0.001).



Conclusion

TNFRSF11B acts as a prognostic factor for colon cancer patients and could affect the colon cancer immune response. TNFRSF11B was closely related to lymph node invasion and pathogenic E. coli. infection, which may negatively affect memory-activated CD4+ T cell infiltration in colon cancer.





Keywords: TNFRSF11B, immune-related genes (IRGs), immunotherapy, memory CD4+ T cell activation, multiomics



Introduction

In recent years, colorectal cancer has been the third leading cause of cancer-related death in the United States, with an incidence similar to that in China. Distant metastasis and high rates of recurrence are the two major concerns of clinicians (1). In addition to chemotherapy and radiotherapy, immunotherapy has become the third option available for the suppression of colon tumorigenesis. Immune checkpoint inhibitors, particularly programmed death 1 inhibitors, have been widely applied for the immunotherapy of solid tumors, including non-small-cell lung carcinoma, malignant melanoma and advanced renal cell carcinoma, to induce immune normalization (2). However, only approximately 15% of colorectal cancers, namely, those with microsatellite instability-high (MSI-H) status and mismatch repair deficiency (dMMR), referred to as ‘dMMR-MSI-H’, benefit from treatment with nivolumab due to the high proportion of tumor-infiltrating lymphocytes in these tumors (3). The remaining 85% of colorectal cancers have microsatellite instability-low (MSI-L) status, microsatellite stable (MSS) status, and proficient mismatch repair (pMMR), referred to as ‘pMMR-MSI-L’, and efficient immunotherapeutic strategies for these tumors are still lacking. Due to the low tumor mutation burden and low proportion of tumor-infiltrating lymphocytes in the microenvironment of pMMR-MSI-L tumors, researchers have recently proposed innovative therapeutic approaches, such as bispecific antibodies, T cell checkpoint inhibitors and T cell differentiation molecules (4). Tumor necrosis factor receptor superfamily (TNFRSF) members consisting of TNFR2, glucocorticoid-induced tumor necrosis factor (GITR), TNFRSF4 (OX40), and TNFRSF9 (4-1BB) have been found to enhance T cell responses in the innate and adaptive immune systems as they act as costimulatory signals (5).

In this study, after analysis of immune-related genes in the Cancer Genome Atlas Colon Adenocarcinoma (TCGA-COAD) dataset, we defined TNFRSF11B as an independent risk factor for the prognosis of colon cancers, which is closely related to tumor stage and lymph node metastasis. TNFRSF11B, as a decoy receptor for TNFSF11, had a higher affinity for TNFSF11 than TNFRSF11A and competitively hindered the activation of the TNFSF11–TNFRSF11A pathway (6). TNFRSF11A is widely expressed on the surface of colonic follicle-associated epithelium (FAE) and responds to the stimulatory signal from TNFSF11 on the surface of intrastromal cells to promote the formation of M cells that respond to the presentation of luminal antigens. Conversely, TNFRSF11B distributed on the surface of M cells would in turn restrict FAE differentiation toward the M cell phenotype and activate T cells and DCs in combination with TNFSF11. In conclusion, as an immunosuppressant, TNFRSF11B remodels the immune barrier of the colon mucosal immune barrier to alleviate local inflammation (7). Furthermore, the accumulation of soluble TNFRSF11B in the peripheral blood of colon cancer patients could result in a poorer survival rate, especially in patients with TNM stage III disease (8). Knocking out TNFSF11 and TNFRSF11A in mice impeded the formation of secondary lymph nodes, including lymph nodes and Peyer’s patches (9), and TNFRSF11B acted as a suppressive effector in the recruitment of T cells and activation of DCs, which was supported by the results of a melanoma study that showed that in metastatic lymph nodes, melanoma cells produced large amounts of TNFRSF11B, which mediated the impairment of the interaction between T cells and DCs to dampen immune system activation (10). In our cohort, we also demonstrated that TNFRSF11B enhanced colon cancer cell invasion into the lymphovascular system.

Here, we analyzed four independent datasets at the transcriptional and protein levels to determine the role of TNFRSF11B in the tumorigenesis of colon cancer. Moreover, we assessed the differential role and related pathways of TNFRSF11B in the progression of colon cancer via gene set enrichment analysis (GSEA) and pseudotime analysis. Finally, we shed light on the suppressive role of TNFRSF11B in the tumor infiltration of activated memory CD4+ T cells in colon cancer.



Methods


Data Sources

In this study, four independent cohort samples were included to demonstrate the role of TNRFSF11B in the progression of colon cancer. The transcriptome and clinical characteristics of 514 cases in a colon adenocarcinoma (COAD) dataset were downloaded from the TCGA database (11). Single-cell sequencing data and corresponding single-cell functional status from GSE81861 (12), which included the RNA expression profiles of 290 single CRC cells, were downloaded from CancerSEA (13). The transcriptional levels of TNFRSF11B in different normal tissues were acquired from the Harmonizome database (https://maayanlab.cloud/Harmonizome/) (14). The mRNA expression profiles of thirty-one pairs of colon cancer and normal colon epithelium as counterparts were obtained from samples collected during emergency surgery at the Fujian Medical University Union Hospital from June 2018 to January 2019. The presence of TNFRSF11B in paraffin-embedded colorectal cancer tissues sampled during general surgery was assessed at the Fujian Medical University Union Hospital from January 2013 to December 2017. The study protocol was approved by the Institutional Review Board of the Fujian Medical University Union Hospital, and all patients provided written informed consent. All experiments complied with standard biosecurity and institutional safety procedures. The workflow of this study has been presented in Supplementary Figure 2.



Differential Gene Analysis and Annotation

To determine the immune-related genes (IRGs) and transcription factors (TFs) involved in the progression of colon cancer, analysis of differentially expressed genes between cancer and paired noncarcinoma samples was performed via the R software edgeR package (15). A false discovery rate (FDR) <0.01 and a log2|fold change| >2 as the criteria values were used to select differential genes. Differentially expressed IRGs and TFs, downloaded from the Immunology Database and Analysis Portal (ImmPort) database (16), were then extracted from all differentially expressed genes. To explore the interactions between IRGs and TFs, a PPI network was constructed based on the STRING database (https://cytoscape.org/). Hub gene analysis of the PPI network was further performed using Cytoscape software version 3.8.2. Functional enrichment analyses were performed via the GO and KEGG pathways.



RNA Sequencing and Gene Set Enrichment Analysis (GSEA)

Total RNA was extracted from 62 colon cancer samples using TRIzol (Invitrogen, Paisley, UK), and mRNA libraries were prepared and sequenced at BGI (HiSequation 2000) (17). Reads were aligned to the human reference genome (GRCh38/hg38) by SOAP2.32. The number of transcripts per million was used to detect gene expression levels. The values of transcripts per million were transformed by log2 and normalized by the Limma R package to remove the batch effect (18). To further elucidate the function of TNFRSF11B in colon cancer, GSEA was performed on a transcriptional dataset in our center for the top 25% and bottom 25% of the expressed genes. C2.cp.kegg.v5.2.symbols.gmt from the KEGG pathway database was selected as the reference gene set. Using a Venn diagram, we determined the common altered signaling pathways between cancer paired noncarcinoma analysis and TNFRSF11B expression analysis strategies (19).



IHC Staining

Eighty-six patients diagnosed with colon cancer who underwent radical colectomy from January 2013 to January 2017 during emergency surgery at the Fujian Medical University Union Hospital were included in this study. Differential analysis of the protein expression levels of TNFRSF11B in these colon cancer tissues revealed the correlation between TNFRSF11B and colon cancer tumorigenesis. Anti-osteoprotegerin (TNFRSF11B) monoclonal antibody (ab9986, Abcam, UK) was used at a working concentration of 1:200. We built IHC systematic scores, integrating the intensity and percentage of positive cells, to evaluate the expression level of TNFRSF11B. The staining intensity was separated as follows: 0, no staining; 1, light yellow staining; 2, yellow-brown staining; and 3, deep brown staining. The percentage of positive cells was scored as follows: 0, 0–5%; 1, 6–25%; 2, 26–50%; 3, 51–75%; and 4, >75%. The final score was calculated as follows: positive cell score × staining intensity score. Finally, patients were sorted into strong- and weak-TNFRSF11B expression groups, and differential analysis was performed between TNFRSF11B expression and clinicopathological features. To further detect the expression levels of TNFRSF11B in normal lymph nodes, TNFRSF11B expression in normal lymph nodes was reviewed by using the immunohistochemical (IHC) staining data provided in the Human Protein Atlas (http://www.proteinatlas.org/) (20).



Isolation of Human Samples and Flow Cytometry

Peripheral blood mononuclear cells (PBMCs) were isolated from healthy volunteers using lymphocyte separation medium (Lonza) according to the manufacturer’s instructions. After centrifugation and purification, lymphocytes were obtained. Cells with 1 µg/ml mouse anti-human CD28 PerCP-Cyanine5.5 mAb (eBioscience #45-0088-42) were washed with PBS and 1640 culture medium twice and then incubated in a 96-well plate precoated with 0.2 µg/ml mouse anti-human CD3 mAb Alexa Fluor® 488 (eBioscience #53-0037-41) for one day. Soluble TNFRSF11B was added to the culture medium of the test group, while mIgG was added to the control group. Three days later, the cells were analyzed by flow cytometry. The percentages of subgroups including naïve memory CD4+ T cells (CCR7+CD45RA+; CCR7 mAb (3D12), PE-Cyanine7, eBioscience #25-1979-42; mouse anti-human CD45RA BV421, eBioscience #25-1979-42), central memory CD4+ T cells (CCR7−CD45RA−) and effector memory CD4+ T cells (CCR7+CD45RA−) were further assessed by flow cytometry.



Immune Cell Infiltration Analysis

Our transcriptome data were evaluated by comparing CIBERSORT (21) with the LM22 gene matrix as a reference to identify 22 immune cell subtypes. Microarray probes were replaced with HUGO gene symbols. Genes with multiple probes collapsed to the gene with the highest mean expression. Expression profiles were normalized using fRMA. Using TIMER2.0, we further detected the abundance of immune cells in the microenvironment of TCGA-COAD patient samples and the correlation with TNFRSF11B expression (22).



Statistics

All graphs and statistical visualization were performed by R software (4.0.1) and Hiplot (https://hiplot.com.cn). Qualitative variables were compared by the χ2 test or Fisher’s exact test, and quantitative variables were compared via t-tests. Through Kaplan–Meier analysis, the long-term survival outcome was calculated, and the independent risk factors were identified by the Cox proportional hazards regression model.




Results


Immune-Related Gene Selection and Annotation

A total of 208 immune-related genes (IRGs) (Figures 1B, E), including 111 with downregulated expression and 97 with upregulated expression, were identified from the TCGA-COAD database via comparison between tumor and normal tissue (n = 472 and 42, respectively), following the analysis of 2,471 differentially expressed genes (Figures 1A, D) (|log2FC| >2 and P value <0.01). We also identified six downregulated and 16 upregulated differentially expressed genes by the analysis of 318 classical transcription factors (TFs) (Figures 1C, F). Functional enrichment analysis demonstrated that these differentially activated IRGs were mostly involved in the cytokine–cytokine receptor interaction KEGG pathway (Figure 1G). Furthermore, we revealed twenty-one IRGs closely related to the survival outcome via univariate Cox analysis (Table 1). These survival-related IRGs were enriched in complement activation, the Fc-gamma receptor signaling pathway involved in phagocytosis, the immune response, the B cell receptor signaling pathway, antigen binding, serine-type endopeptidase activity, the extracellular region and the external side of the plasma membrane based on gene ontology (GO) analysis (Figure 1H). We also constructed an interaction network of the survival-related IRGs and TFs (Figure 1I). MYC, LEF1, KLF4, SALL4, and IRF4 were the five important TFs involved in the regulation of the immune response in colon cancer. TNFRSF11B may correlate with IL17A in the regulation of the colon cancer immune response.




Figure 1 | Selection and annotation of differentially expressed immune-related genes. Heatmap (A) and volcano plot (D) show the significantly (|log2FC| >2 and P value < 0.01) altered genes between tumor and normal tissues, and the top 10 most significant genes in the upregulated group (red dots) and downregulated group (blue dots) are displayed. Similarly, the heatmap (B) and volcano plot (E) show the significantly different immune-related genes (IRGs), and the heatmap (C) and volcano plot (F) present the significantly different transcription factors (TFs). Kyoto Encyclopedia of Genes and Genomes pathways (KEGG) (G) and gene ontology (GO) (H) of differentially expressed IRGs demonstrate the most relevant pathways and gene functions. Protein–protein interactions of hub genes (I) between IRGs and TFs were constructed.




Table 1 | Univariate and multivariate analyses of differentially expressed IRGs.





Clinical Analysis of Survival-Related IRGs

A risk scoring system consisting of eight IRGs (FGFR2, ZC3HAV1L, TNFRSF11B, CD79A, IGHV3-11, IGHV3-21, IGKV2D-30, and IGKV6D-21) was constructed to evaluate the prognosis of colon cancer patients based on multivariate Cox analysis. Patients were separated into two groups, high risk and low risk, according to the risk scoring system. We demonstrated that the high-risk group had worse overall survival outcomes (p = 5.123∗e−7, Figure 2A) than the low-risk group, and the area under the curve (AUC) of the receiver operating characteristic (ROC) curve was 0.619 (Figure 2B), which supported the potential utility of the risk scoring system. As the risk scores increased, the survival time decreased (Figure 2C). We integrated the risk scores with patients’ clinical characteristics, and the risk scoring system was identified as an independent factor via univariate and multivariate Cox analyses (Figures 2D, E). We analyzed the relationship between the survival-related IRGs and the characteristics of colon cancer patients and found that only TNFRSF11B was strongly associated with TNM stage and lymph node status. Overexpression of TNFRSF11B obviously correlated with late-stage lymph node metastasis and worse survival outcomes (p = 0.010, p = 0.014, and p = 0.0061, respectively) (Figures 2F–H).




Figure 2 | Risk score system construction and clinical characteristic analysis of survival-related IRGs. Risk scoring systems containing FGFR2, ZC3HAV1L, TNFRSF11B, CD79A, IGHV3-11, IGHV3-21, IGKV2D-30, and IGKV6D-21 have been calculated and show that high-risk patients have worse survival outcomes than low-risk patients (A). The area under the curve (AUC) plot (B) and prognostic index model (C) of the risk scoring systems were determined. Forest plot of univariate (D) and multivariate (E) analyses of survival-related risk factors. Patients in the TNFRSF11B high‐expression group suffered shorter overall survival intervals (F) and a higher incidence of late-stage (G) and lymph node metastasis (H).





Validation of TNFRSF11B in Our Cohort Study

To validate the role of TNFRSF11B in the progression of colon cancer, we used immunohistochemistry (IHC) to assess the expression of TNFRSF11B and its correlation with pathological features. In our cohort, 72.09% (62/86) of the colon cancer patients who received radical surgery had TNFRSF11B overexpression, which was associated with significantly shorter overall survival times (p = 0.072, Figures 3A, B). Patients with high TNFRSF11B expression typically had a late TNM stage (p = 0.067), a high frequency of lymph node (p = 0.029) and lymphovascular invasion (p = 0.007), and a high incidence of pneumonia (p = 0.056) (Table 2 and Figures 3C, D). Conversely, the transcriptional expression of TNFRSF11B in normal lymph nodes remained relatively low levels, via data mining in the Harmonizome database (Supplementary Figure 1A). Moreover, it’s hard to detect the protein expression of TNFRSF11B in germinal center cells and non-germinal center cells from the Human Protein Atlas database (Supplementary Figures 1B–D).




Figure 3 | Immunohistochemistry (IHC) staining of TNFRSF11B in our cohort. IHC staining of TNFRSF11B (A) strongly and weakly expressed samples, tumor site and metastatic lymph nodes. Patients in the TNFRSF11B-strong expression group suffered shorter overall survival times (B). Correlation between TNFRSF11B expression and the status of lymph node metastasis (LN) (C) and lymphovascular invasion (LVI) (D).




Table 2 | Comparison of clinicopathological characteristics between the TNFRSF11B-Strong and TNFRSF11B-Weak groups.





TNFRSF11B Correlated With Colon Cancer Differentiation

TNFRSF11B, as a self-regulator of M-cell differentiation in colon mucosa, is also involved in the differentiation of osteoclasts in the bone marrow and secondary lymphoid tissues (7, 9, 23). We analyzed the potential role of TNFRSF11B in the differentiation of colon cancer via a GSE81861 array. Increased expression of TNFRSF11B significantly enhanced three cancer-related functional states, namely, metastasis, angiogenesis and inflammation, in colon cancer cells (cor = 0.360, cor = 0.224, and cor = 0283, respectively, all p values <0.001) (Figures 4A–C). TNFRSF11B expression was also enriched in the terminal differentiation of colon cancer cells through pseudotime analysis (Figure 4). Thus, TNFRSF11B may drive the progression of early-stage colon cells to cells with full tumorigenicity.




Figure 4 | Pseudotime analysis of the function of TNFRSF11B in single colon cancer cells. Correlation between TNFRSF11B expression and the status of metastasis (A), angiogenesis (B), and inflammation (C) in single colorectal cancer cells. TNFRSF11B was enriched in the terminal differential stage of colon cancer cells (D).





TNFRSF11B Correlated With Pathogenic E. coli Infection

To determine which genes and pathways are responsible for TNFRSF11B expression in colon cancer, we performed transcriptome-wide RNA-sequencing analysis of colon cancer tissues and paired colon epithelium. Two independent gene set enrichment analyses (GSEAs), namely, tumor-only and comparisons between tumors and paired colon epithelium, were applied to identify the involved signaling pathways and genes. Six pathways, including RNA polymerase, one carbon pool by folate, insulin signaling pathway, beta alanine metabolism, mTOR signaling pathway and lysine degradation, were inhibited by the upregulation of TNFRSF11B expression. Pathogenic Escherichia coli (E. coli) infection, drug metabolism, other enzymes and Vibrio cholerae infection were the other three pathways activated by the increased expression of TNFRSF11B. Consistently, only the pathogenic E. coli infection pathway was significantly elevated with the increasing level of TNFRSF11B among tumors Normalized Enrichment Score (NES) = 1.814, p = 0.004) and in the comparison of tumors with paired colon epithelium (NES = 1.523, p = 0.027) (Figures 5A, C, D). TNFRSF11B also presented stronger transcriptional activity in tumor tissues than in paired colon epithelium (p <0.001, Figure 5B). Previous studies have revealed that pathogenic E. coli infection induces the overexpression of CEACAM6 in colon cancer, which, in turn, facilitates pathogenic E. coli adhesion (24). We demonstrated that CEACAM6 expression was significantly upregulated in cancer tissues that had high TNFRSF11B expression (Figure 5E). In addition, only six genes (KRT18, ARPC5L, ACTG1, ARPC2, EZR, and YWHAZ) related to pathogenic E. coli infection were simultaneously increased in both GSEA studies; these genes are mostly involved in focal adhesion, as determined via GO analysis (Figures 5F, G). Several KEGG pathways, such as regulation of actin cytoskeleton, shigellosis, bacterial invasion of epithelial cells, and Salmonella infection, were also affected by these six genes (Figure 5H). Next, we attempted to determine the interaction between TNFRSF11B expression and these six genes via hub gene analysis. TNFRSF11B may affect the transcriptional activity of YWHAZ to regulate pathogenic E. coli infection (Figure 5I), which was further validated in the TCGA-COAD database, in which increased TNFRSF11B expression correlated with increased TWHAZ expression (cor = 0.185, p <0.001) (Figure 5J).




Figure 5 | Transcriptome-wide RNA Sequencing to Identify Potential Targets of TNFRSF11B-related pathways in colon cancer samples. Gene set enrichment analysis (GSEA) (A) was performed to analyze the common enrichment signaling pathways in different groups (TNFRSF11B-high versus TNFRSF11B-low tumors, tumor versus normal tissues). Gradient histogram showing the common upregulation and downregulation pathways in TNFRSF11B-high tumors (C) and a high ratio of TNFRSF11B in the comparison between tumor and normal tissues (D). The expression levels of TNFRSF11B (B) and CEACAM6 (E) are displayed in a violin plot. A Venn diagram (F) shows the core-enriched genes involved in the progression of pathogenic Escherichia coli infection, and GO annotation (G) and KEGG pathways (H) are illuminated. Hub-gene analysis (I) based on Cytoscape software shows the correlation between TNFRSF11B and other genes related to pathogenic Escherichia coli infection. The correlation between TNFRSF11B and YWHAZ was further confirmed by the TCGA-COAD project (J). **p < 0.01; ****p < 0.0001.





TNFRSF11B Decreased Central and Effector Memory CD4+ T Cell Infiltration Into the Colon Cancer Microenvironment

To analyze the potential role of TNFRSF11B in the regulation of the immune response, we determined the different subsets of immunocytes between different TNFRSF11B-expressing colon cancer tissues in our cohort via CIBERSORT algorithms. Only activated memory CD4+ T cells (p = 0.017) were significantly decreased in the high TNFRSF11B expression group (Figure 6A), which was supported by the findings in the TCGA-COAD dataset. Using the TIMER 2.0 database, we also demonstrated that TNFRSF11B negatively affected the infiltration of activated memory CD4+ T cells into the colon cancer microenvironment (cor = −0.158, p = 0.008) (Figure 6B). We also confirmed the suppressive role of TNFRSF11B in the regulation of central memory CD4+ T cells and effector memory CD4+ T cells via the addition of soluble TNFRSF11B to PBMC culture medium. TNFRSF11B dramatically downregulated the immune activity of central memory CD4+ T cells and effector memory CD4+ T cells (all p <0.001) (Figures 6C, D).




Figure 6 | Immunocyte analysis and validation by PBMC stimulation. The subgroup of immunocytes in our RNA-sequencing samples was further analyzed via CIBERSORT algorithms (A); as a result, only memory CD4+ T cells were activated in the colon microenvironment. The correlation between memory CD4+ T cell activation and the expression of TNFRSF11B in the TCGA-COAD project is also shown (B). Accompanying the addition of soluble TNFRSF11B to PBMC culture medium, fluorescence-activated cell sorting (FACS) revealed different proportions of subgroups of memory CD4+ T cells (C), and the bar chart shows the results (D). ns, not significant; ****p < 0.0001.






Discussion

Recently developed immunotherapeutic strategies for colon cancer, including ICIs and CAR-T cells, have been unsuccessful for many patients due to the low level of immune cell infiltration into the tumor microenvironment and effector T cell exhaustion caused by Treg cell and MDSC suppression (25). Memory CD4+ T cells are well characterized as having lower activation thresholds, an enhanced capacity to migrate to lymph nodes, long survival times, and reduced susceptibility to suppression by Treg cells and are the primary immune surveillance cells of the colon mucosa; thus, memory CD4+ T cells, rather than effector T cells, have become the focus of immunotherapy for colon cancer (26). Methods for activating memory CD4+ T cells and mediating their antitumor ability are urgently required. In our study, we observed the immunosuppressive role of TNFRSF11B in the regulation of memory CD4+ T cell activation in colon cancer tissue and peripheral blood monocytes, and our findings were validated in TCGA-COAD datasets. A negative correlation was observed between TNFRSF11B expression levels and the infiltration of activated memory CD4+ T cells into the tumor microenvironment using this dataset.

Pathogenic bacterial invasion leads to an immune response in the colon mucosa via M cells that mediate pathogen presentation and DCs, which present pathogenic antigens to activate the differentiation of effector T cells and eliminate bacteria (27). Consequently, bacteria-specific memory T cells differentiate from effector T cells while clearing pathogenic bacteria. Dysbiosis of the gut microbiota hampers the anticancer effect of CTLA-4 Ab in the MC38 colon cancer model. Moreover, treatment using Bacteroidales (Bf), an immune-stimulating adoptive transfer of memory Bf-specific TH1 cells or transplantation feces from a CTLA-4-responsive donor, partly restored CTLA-4 Ab efficacy (28). The amplification and diversity of the colonic microbiota are closely related to colon cancer progression and response to immunotherapy. Recently, pathogenic pks-positive E. coli strains have emerged as risk factors for colon cancer, as revealed by previous studies (29–31). These strains of E. coli produce colibactin, which alkylates DNA and contributes to colon cancer development (32). Developing a method to block intestinal pathogenic bacteria-related host gene alterations and recover the microbiota of the colon mucosa to restore immunity is an important future focus for the cancer immunotherapy field.

TNFRSF11B correlates with colonic mucosal immunity and is increased in the presence of E. coli infection resulting in diarrhea, and the potentiation of Peyer’s patch M cell self-renewal ability to ameliorate the inflammatory response can facilitate Salmonella infection (7, 33). Our findings showed that only pathogenic E. coli infection was altered in tumor tissues and tumors highly expressing TNFRSF11B via a specific GSEA approach. CEACAM6 expression was dramatically upregulated in TNFRSF11B-expressing tumors, which may facilitate pathogenic E. coli adhesion. In addition, six genes, KRT18, ARPC5L, ACTG1, ARPC2, EZR, and YWHAZ, were simultaneously enriched in tumors and tumor tissues highly expressing TNFRSF11B, which may enhance pathogenic E. coli focal adhesion, actin filament binding, and cadherin binding, as demonstrated by GO functional analysis. Similarly, these six genes were also involved in KEGG pathways related to bacterial adhesion and infection, including regulation of actin cytoskeleton, shigellosis, bacterial invasion of epithelial cells and Salmonella infection. However, elucidation of the sequelae of colorectal cancer progression and E. coli infection still requires more in vitro and in vivo experiments. TNFRSF11B and YWHAZ are both involved in the regulation of gastric cancer prognosis (34), and we found that the expression of YWHAZ, a transcription factor, was upregulated in tumors highly expressing TNFRSF11B, which was also supported by the finding of a strong correlation between TNFRSF11B and YWHAZ expression in the TCGA-COAD dataset. We hypothesized that TNFRSF11B may regulate YWHAZ transcriptional activity to affect tumorigenesis in colon cancer.

TNFSF11 could trigger the proliferation of lymph node stroma and activation of mesenchymal lymphoid tissue organizer cells when cooperating with TNFSF11A, which is specifically inhibited by TNFRSF11B (6). TNFRSF11B binding with TNFSF11 suppresses the recruitment of macrophages to lymph nodes and the migration of T cells (35), which indicates that TNFRSF11B enhances tumor lymph node invasion. Meanwhile, TNFRSF11B activated the phosphorylation of GSK-3β and enhanced the expression of β-catenin and its downstream effectors to strengthen the invasiveness of gastric cancer (26). In this study, after accurate systematic analysis of TCGA-COAD immune genes and development of the formula to predict survival outcomes, we ultimately found that TNFRSF11B significantly affected tumorigenesis, especially LN status and TNM stage, and influenced long-term survival rates in colon cancer. Using a single-cell database, we also demonstrated that TNFRSF11B affected the terminal phase of cell differentiation, metastasis, angiogenesis and the inflammatory response in colon cancer. In our IHC sample dataset, we also showed that TNFRSF11B was closely correlated with LN metastasis, LVI status and survival outcome. All these findings indicated that TNFRSF11B may promote lymph node metastasis in colon cancer.

This is a highly repeatable bioinformatics study, and four independent datasets were involved, including public databases and our single-cohort center. At the protein and transcriptional levels, we attempted to illuminate the role of TNFRSF11B in the regulation of the colon cancer immune microenvironment. We hypothesized that the expression of TNFRSF11B in colon cancer may be regulated by pathogenic E. coli. Infection may affect memory-activated CD4+ T cell infiltration and lymph node invasion. In this study, we explored the mechanism by which TNFRSF11B remodels the colon cancer immune response via bioinformatics analysis and confirmed the results with in vitro experiments; however, more biological experiments are needed to validate our findings.
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Background

Uterine corpus endometrial carcinoma (UCEC) is a gynecological malignant tumor with low survival rate and poor prognosis. The traditional clinicopathological staging is insufficient to estimate the prognosis of UCEC. It is necessary to select a more effective prognostic signature of UCEC to predict the prognosis and immunotherapy effect of UCEC.



Methods

CIBERSORT and weighted correlation network analysis (WGCNA) algorithms were combined to screen modules related to regulatory T (Treg) cells. Subsequently, univariate, least absolute shrinkage and selection operator (LASSO), and multivariate Cox regression analyses were used to identify the genes in key modules. The difference in overall survival (OS) between high- and low-risk patients was analyzed by Kaplan–Meier analysis. The Tregs-related risk signature (TRRS) was screened by uni- and multivariate Cox analyses. Afterward, we analyzed the expression difference of TRRS and verified its ability to predict the prognosis of UCEC and the effect of immunotherapy.



Results

Red module has the highest correlation with Tregs among all clustered modules. Pathways enrichment indicated that the related processes of UCEC were primarily associated to the immune system. Eight genes (ZSWIM1, NPRL3, GOLGA7, ST6GALNAC4, CDC16, ITPK1, PCSK4, and CORO1B) were selected to construct TRRS. We found that this TRRS is a significantly independent prognostic factor of UCEC. Low-risk patients have higher overall survival than high-risk patients. The immune status of different groups was different, and tumor-related pathways were enriched in patients with higher risk score. Low-risk patients are more likely take higher tumor mutation burden (TMB). Meanwhile, they are more sensitive to chemotherapy than patients with high-risk score, which indicated a superior prognosis. Immune checkpoints such as PD-1, CTLA4, PD-L1, and PD-L2 all had a higher expression level in low-risk group. TRRS expression really has a relevance with the sensitivity of UCEC patients to chemotherapeutic drugs.



Conclusion

We developed and validated a TRRS to estimate the prognosis and reflect the immune status of UCEC, which could accurately assess the prognosis of patients with UCEC and supply personalized treatments for them.
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Introduction

Uterine corpus endometrial carcinoma (UCEC) is the third most common gynecological malignant cancer globally (1). In 2019, the incidence and mortality of UCEC have been estimated at 61,880 and 12,160, respectively, merely in the United States (2). Obesity can increase the risk of uterine corpus endometrial carcinoma (3). At present, multiple treatment such as surgery, chemotherapy, radiation therapy, and hormone therapy are always applied to UCEC treatment, but the incidence and disease-related mortality are still increasing annually (4–6). Effective treatment is based on accurate assessment of prognosis. Nevertheless, patients in the same clinical stage may present different clinical characteristics, indicating that the prognosis of UCEC according to the traditional clinicopathological staging is not fully accurate (7). Consequently, using effective biomarkers to accurately define different UCEC stage is helpful to precise treatment. In recent years, immunotherapy has become an effective therapy for cancer (8), especially in melanoma, lung cancer, and liver cancer (9). Tregs, a category of CD4+ T cells, can maintain immune homeostasis through regulating antimicrobial resistance, allergy, and transplantation rejection, and suppressing protective immune responses (10). It has been confirmed that Tregs could be employed to predict the outcomes of solid tumors like breast and ovarian (4, 11). Checkpoint activity of T cells can be suppressed by immune checkpoint inhibitor (ICI). In particularly, CTLA‐4 and PD‐1 are important ICI (12, 13) and have shown good efficacy in cancer treatment (4). More recently, olaparib has shown a clinical effect on UCEC to certain degree (14); the relationships between olaparib exposure and UCEC biomarkers are still unknown (1). The expression of RNF183, which has been considered as a good prognostic marker of UCEC, has been confirmed to be related to the markers of different subsets of Tregs (15). Therefore, the identification of TRRS will be helpful to explore the immunotherapy of UCEC.

With the continuous development of bioinformation technology, a great deal of methods has been employed to define biomarkers. WGCNA algorithm can identify highly correlated modules and genes for cancer based on the network construct of genes expression (16). This study applied WGCNA to identify relevant modules and genes of UCEC, and the red module was selected for further analysis. In addition, we construct a prognostic model related to Tregs and analyzed its relationship with immune microenvironment, chemotherapy, and immunotherapy. Furthermore, the TRRS might be used as a novel tool to diagnose UCEC patients and provide more effective personalized treatment.



Materials and Methods


Data Acquisition

A total of 552 UCEC cases and 23 normal samples were obtained from The Cancer Genome Atlas (TCGA) data portal (https://portal.gdc.cancer.gov/) (17). Clinical factors data such as age, grade, and histological type were downloaded from TCGA data portal.



Estimation Tregs Proportion and Differential Analysis in UCEC

CIBERSORT was employed to estimate the proportion of 22 immune cells for normal and tumor tissues (18). Therefore, we identified 309 samples with the standards of p < 0.05 from 575 cases of samples.



Construction of Co-expression Network and Select Hub Module

Intersecting Gene and Low-Tregs Groups. Second, we used Limma to define the differentially expressed genes with a p-value lower than 0.05 and log foldchange larger than 1 as the threshold (19). We obtained 4,703 genes. Then, these genes were used to construct a WGCNA (20). First, according to the Pearson’s correlation value, a weighted matrix was constructed. Next, amn = |cmn| β (cmn means Pearson’s correlation value of paired genes; amn is adjacency between paired genes) was used to construct a weighted adjacency matrix. Parameter β is a soft threshold, has the function of strengthening correlations, and reduce weakening correlations between genes. The value of β was defined as 6. For the purpose of dividing the genes with resembling expression levels into different modules. We cluster these genes with minimum size genes dendrogram of 50. The key module was identified through the analysis of the correlation between these genes and clinical factors. Eigengene dendrogram and adjacency heatmap also confirmed that the red module has a higher correlation coefficient. A protein–protein interaction (PPI) network was constructed base on STRING database, a tool that integrates all the connections between proteins of interacting genes (21), intuitively showing the interacting nodes of each genes in the red module.



Gene Set Enrichment Analysis

Enrichr (https://maayanlab.cloud/Enrichr/) is a web-based program that has plenty information about protein and gene, in which investigators always use to do pathway and process enrichment analysis (22). For further analysis, Enrichr was applied to conduct Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) to analyze the functions of genes in the red module.



Construction of TRRS

We obtained 537 samples with complete gene expression profiles and OS time. We randomly assigned 269 patients as the train set based on a computer-generated allocation sequence and took the entire set as the validation data. The train set was employed to construct TRRS, while the entire set was chosen for validating the predicting value. LASSO analysis based on R package “glmnet” combined with multivariate Cox regression analyses had been employed to select genes that has significant connections with OS of UCEC. Afterwards, these genes were applied to construct TRRS (23). The coefficients calculated by LASSO regression were applied to obtain the formula as follows: risk score = sum of coefficients × 8 TRRS expression level (24). All the samples were split into two groups in the light of the median risk score. Through Kaplan–Meier curves, receiver operating characteristic curves (ROC), and principal component analysis, we assess the accuracy of TRRS. Risk score distribution, survival status, and genes expression were also taken into consideration. In addition, univariate and multivariate Cox regression analyses were applied to calculate the predictive ability of TRRS.



Quantitative Real-Time RT-PCR

Total RNA from 16 UCEC samples and 16 normal tissues was extracted on the basis of Trizol reagent (Invitrogen). Before reverse transcription to cDNA, 4× GDNA wiper mix (vazymer323-01) was employed to remove residual genomic DNA from total RNA. Complementary RNA was synthesized by using PrimeScript RT reagent kit. Real-time quantification was performed using the SYBR Premix Ex Taq Kit (TaKaRa DRR041). The relative expression level of the target gene was standardized by GAPDH and 2−△△Ct method. Quantitative real-time RT-PCR (qRT-PCR) primers are listed in Supplementary Table S1.



Construction of a Nomogram

Five clinical characteristics such as age, stage, grade, histological type, and risk score were combined to establish a nomogram aims to calculate the OS of 1, 3, and 5 years of UCEC in the entire set. Calibration curves were employed to evaluate whether the established nomogram is reliable (25).



Immune and Clinical Characteristic Identification

A total of 552 UCEC samples and 23 normal samples were obtained from TCGA database, which was employed to verify the expression distinction between tumor and normal tissues. Furthermore, boxplots were drawn to analyze the relationship between gene expression and clinical factors. Finally, according to the level of expression, patients were split into two groups. Then, we verified the connection between TRRS expression and survival probability based on K–M analysis.



Genome-Wide Analysis of Genes

Gene Set Cancer Analysis (GSCALite), a web server, aims to flexibly calculate the expression, mutation, and interaction of genes in different cancers (26). GSCALite has the function to analyze different gene expression levels, survival time, mutations, methylation, chemotherapeutics sensitivity, and so on. We analyze mutation distribution and global activity of eight genes. After that, we identified the connection between genes expression levels and copy number variations (CNVs) and methylation by using GSCALite (27).



Survival Analyses of Genes in TRRS

The areas under the curve (AUCs) of 1, 3, and 5 years on account of risk score and different clinical factors were calculated, respectively. Furthermore, the curve was employed to identify the total influence of risk score combined with clinical characteristics on survival probability. Overall survival rates of different clinical characteristics were calculated as well.



IPS Analysis

Immunomodulators, major histocompatibility complex (MHC) molecules, effector cells, and immunosuppressive cells are the four main components to evaluate tumor immunogenicity. Through calculating the expression values of four kinds of immune genes, we derived a patient’s immunophenoscore (IPS). The IPS was achieved based on a scale range from 0 to 10. The higher the score, the stronger the immunogenicity. The IPSs (including IPS, IPS-CTLA4, IPS-CTLA4/PD-L1/PD1/PD-L2, and IPS-PD1/PD-L1/PD-L2 scores), acquired from The Cancer Immunome Atlas [TCIA (https://tcia.at/home)] (28), were applied to assess the response of UCEC patients for ICI.



Estimation of ICIs Response

The connection between ICI expression and risk score of UCEC patients was identified based on Pearson correlation coefficient method. Boxplots display the results.



GSEA and ESTIMATE and ssGSEA

Function and pathways for different risk groups were investigated by GSEA, respectively (29). Pathways with nominal p < 0.05 were considered significantly enriched. Immune scores, stromal scores, and estimate scores of each sample were received based on the “Estimation of Stromal and Immune cells in Malignant Tumors using Expression data” (ESTIMATE) algorithm (30). Additionally, the difference in immune cell and immune function between two risk groups were achieved by CIBERSORT method. Single-sample gene set enrichment (ssGSEA) is another method to identify the distinction of immunological status between patients in different risks. ssGSEA utilized the enrichment scores to indicate the degree of absolute enrichment in each sample. Standardized enrichment scores for each immune category could be calculated (31).



Mutation Analysis

The mutation materials of UCEC were obtained from TCGA. Somatic mutation data are stored in mutation annotation format (MAF) (32). The TMB scores of every patient were calculated based on the following formula: TMB = (total mutation/total covered bases) × 106.



Chemotherapeutic Response Prediction

A total of 537 samples were split into high- and low-risk groups on the basis of median risk score, and each group was given six kinds of chemotherapeutics including cisplatin, docetaxel, doxorubicin, gemcitabine, methotrexate, and paclitaxel. The sensitivity of each sample to chemotherapy was predicted by using Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/) (33). The calculation was conducted through R package “pRRophetic”, where the samples’ half-maximal inhibitory concentration (IC50) was achieved by ridge regression. Pearson correlation coefficient was applied to explore the relevance between gene expression in TRRS and their sensitivity to pharmacotherapy.



Immunoassay for ZSWIM1

For the purpose of further studying the correlations between ZSWIM1 and immunity, tumor–immune system interactions and drugbank (TISIDB, http://cis.hku.hk/TISIDB/index.php) database were applied and inferred the correlation between ZSWIM1 expression and the TRRS of UCEC (34).



Statistical Analysis

R (version 4.0.5) was applied to perform statistical analysis in our study. All statistical tests were two-sided, and p < 0.05 was considered as statistical difference. Student’s t-test was used to make a comparison between the normally distributed variables in the two groups, and Wilcoxon test was used to calculate the continuous variables.




Results


Tregs in Uterine Corpus Endometrial Carcinoma

The study indicated that a lower expression of Tregs was related to higher clinical grade and more serious pathological morphology (p = 4.756e−09, p = 6.05e−04, respectively) (Figures 1A, B). Meanwhile, patients in advanced stage had a lower expression of Tregs in general (p = 0.001) (Figure 1C). Additionally, the prognosis of UCEC patients with lower Tregs expression is poorer than those with higher Tregs expression (Figure 1D).




Figure 1 | Expression of Tregs in different stages and its relationship with survival probability. (A) Expression of Tregs in different pathological grades. (B) Expression of Tregs in different pathological morphology. (C) Expression of Tregs in different pathological EC stages. (D) Survival probability between patients with high and low T cells regulatory.





Construct Weighted Co-Expression Network

A total of 4,703 genes were applied to set up a weighted co-expression network based on WGCNA. First, combining with clinical factors, we clustered 298 samples and constructed samples dendrogram and trait heatmap for them (Figure 2A). Then, we identified the value of β = 6 (R2 = 0.91) as the threshold (Supplementary Figures S1A, B). Supplementary Figures S1C, D indicate positive result of rationality test. In addition, a hierarchical clustering tree had been established, and 12 modules were generated (Figure 2B). Genes having relative expression were clustered together to form a branch that constructed a module. Among the 12 modules formed by clustering, the correlation between the red module and Tregs is higher than that between other modules, which have 251 genes (Figure 2C). Figures 2D, E show that the modules are not independent of each other. Finally, PPI network was constructed by using STRING (Figure 2F), which indicates that most genes are connected with the others in the red module. Figure 2G shows the top 30 genes that have more connections with other genes.




Figure 2 | Sample clustering and correlation analysis. (A) Sample dendrogram and trait indicator: in the heat map, the darker the color, the stronger the correlation between samples and clinical traits. (B) Clustering dendrogram of 4,703 genes with difference in Tregs and 12 gene modules from 298 UCEC. (C) Heatmap of the correlation between module eigengenes and clinical characteristics of UCEC. (D) Randomly selected partial genes to make network heatmap plot. (E) Eigengene dendrogram and adjacent heatmap. (F) PPI network constructed using STRING. (G) Bar graph of the top 30 genes that have more connections with other genes.





Pathway and Process Enrichment Analysis

We employed GO and KEGG analysis to conduct enrichment analysis and find out the functions and pathways that related to the red module. The outcome indicated that the functions and pathways of UCEC were primarily bound with immune-related physiological processes (Supplementary Figure S2).



Key Genes Identification and TRRS Construction

In order to estimate the prognostic performance of DE genes, univariate Cox regression analysis was employed to the 251 genes (Supplementary Table S2). In the train set, 12 genes were closely related to the OS of UCEC patients (p < 0.05). Twelve genes were analyzed by LASSO, and eight of them were selected (Supplementary Figures S3A, B). After this, a multivariate Cox regression analysis was implemented, and five genes had significant statistical correlation with the hazard ratio of UCEC patients in the train set (Supplementary Figure S3C). We utilized these genes to establish the TRRS. Eight genes were weighted by relative coefficient, and the formula is as follows: risk score = (−0.070*CDC16) + (0.010*ZSWIM1) + (−0.045*ITPK1) + (0.099*NPRL3) + (0.274*GOLGA7) + (0.022*ST6GALNAC4) + (−0.201*PCSK4) + (−0.026*CORO1B). These eight genes were associated with high risk, including ZSWIM1 [hazards ratio (HR) =1.104(1.009–1.208), p = 0.031], NPRL3 [HR = 1.104(1.023–1.191), p = 0.010), GOLGA7 [HR = 1.027(0.995–1.061), p = 0.096], ST6GALNAC4 [HR = 1.022(0.998–1.046), p = 0.072], CDC16 [HR = 0.932(0.881–0.996), p = 0.015], ITPK1 [HR = 0.956(0.922–0.991), p = 0.015], PCSK4 (HR = 0.818[0.656–1.020], p = 0.072], and CORO1B [HR = 0.974(0.951–0.998), p = 0.033) (Table 1). The risk score of samples in the train set were computed according to the above formula. People in the train set were split into high-risk group (n = 134) and low-risk group (n = 135) on the basis of their median-risk score. The comparison showed that there exists a significant difference in the OS of different groups (p = 2.74e−06, log-rank test) (Figure 3A). The AUC for the signature of OS in 5 years is 0.753, and it is 0.836 in 3 years and 0.781 in 1 year (Figure 3B). We sort the patient’s risk scores, and their distribution is shown in Figure 3C. The living condition of UCEC patients is shown in the dot plot (Figure 3D). Gene expression pattern between the two groups of patients with different prognosis is presented in the heatmap expression (Figure 3E). Low- and high-risk patients showed significant difference using principal component analysis (PCA) (Figure 3F).


Table 1 | Multivariate Cox regression eight genes weighted by their relative coefficient.






Figure 3 | Identification of TRRS in the train set (A–F) and the entire set (G–L). (A, G) Kaplan–Meier curve analysis of overall survival of cervical cancer patients in high- and low-risk groups. (B, K) Time-dependent ROC curves analysis. Risk score distribution (C, I), survival status (D, J), and genes expression patterns (E, K) for patients in high- and low-risk groups by the TRRS. (F, L) Principal component analysis.





The Relationships Between TRRS Expression and Clinical Factors

We achieved the expression profiles of TRRS from the TCGA. GOLGA7, ITPK1, and ST6GALNAC4 genes had lower expression in tumor tissues than in healthy persons (p < 0.05) by means of Wilcoxon signed-rank test (Supplementary Figure S4A). After that, qRT-PCR has been used to compare the difference in TRRS expression between normal and tumor tissue (Supplementary Figure S4B). The results showed that the expression levels of CORO1B, GOLGA7, PCSK4, ST6GALNAC4, and ZSWIM1 in normal tissues were significantly higher than those in tumor tissues, which were similar to the trends detected in the TCGA dataset. Then, the stratified studies were utilized to see whether the genes have different expression level in different clinical characteristics (Supplementary Figure S5). It is not hard to find that most of the eight TRRS have lower expression levels in advanced stage. The result showed that higher expression of GOLGA7 [HR =2.28(1.46–3.56), p < 0.001] and ZSWIM1 [HR = 1.7(1.09–2.67), p = 0.011] were combined with poorer OS of UCEC patients; however, CORO1B [HR = 0.51(0.33–0.79), p = 0.001], CDC16 [HR = 0.52(0.33–0.81), p = 0.001], PCSK4 [HR = 0.51 (0.32–0.81), p = 0.001], and ITPK1 [HR = 0.52(0.34–0.8), p = 0.002] expression level had a positively correlated with overall survival (Supplementary Figure S6).



Genome-Wide Analysis of TRRS

Genome-wide analysis of TRRS was carried out by utilizing the GSCALite. The results indicated that PCSK4 was the gene with the highest mutation frequency, followed by CDC16 and ITPK1, while GOLGA7 had the lowest (Figure 4A). The expression of the eight genes in TRRS had a positive correlation with copy number variations (CNVs), which is performed in the bubble diagram (Figure 4B). CNV frequency was positively correlated with gene expression. Spearman correlation coefficient between methylation and gene expression was performed in the methylation difference bubble chart. We found that the GOLGA7, PCSK4, ZSWIM1, ST6GALNAC4, and ITPK1’s methylation was downregulated in UCEC (Figure 4C). This means that methylation had a significant effect on gene expression. The exploration of pathway activity showed that ZSWIM1, PCSK4, CDC16, and CORO1B had positive correlations to DNA damage response pathway activation; ITPK1, NPRL3, PCSK4, ST6GALNAC4, and ZSWIM1 were related to the RTK pathway inhibition; and ITPK1 activated the apoptosis and inhibit PI3K/AKT pathway significantly (Figure 4D).




Figure 4 | Genome-wide analysis of TRRS. (A) An oncoplot, also known as a waterfall plot, shows the mutation distribution of the key genes in a gene set and a SNV classification of SNV types (including missense mutation, frame shift deletion, nonsense mutation, etc.). All selected cancers’ samples are shown together. Side barplot and top barplots show the number of variants in each sample or gene. (B) This figure demonstrates the relation between CNV and gene expression. The red bubbles represent a positive correlation, which means that when gene has a high frequency of CNV, the gene expression will become upregulated. The deeper the color, the higher the correlation. The size of the point represents statistical significance; the greater the size, the more it is statistically significant. (C) The bubble plot shows the Spearman correlation coefficient of methylation and gene expression. Blue points represent a methylation downregulation in tumors and red points a methylation upregulation in tumors, in which the deeper the color, the greater the difference. The size of the point represents statistical significance; the greater the size, the more the significance. (D) This plot displays the global activity of genes in selected cancer types.





Verifying the Predictive Capability of the Eight TRRS

For the purpose of exploring the predictive power of TRRS, we constructed an entire set. In the entire set, the risk score was computed by using the median risk score. Each patient in the entire set was split into two groups according to the risk scores. High-risk groups have 267 cases and low-risk groups have 270. There was significant statistical distinction between the two groups’ Kaplan–Meier survival curves (Figure 3G, P =7.44e-07). In the entire set, the AUC was 0.797 in 1 year, 0.702 in 3 years, and 0.7 in 5 years (Figure 3H). The situation of risk score, survival status, and expression of eight TRRS in the entire set are performed in Figures 3I–K. Principal component analysis also showed a discrepancy between the groups (Figure 3L).



Using Nomogram to Predict the Survival Rates

By using the known risk score and some clinical characteristics, multivariate logistic regression was applied to structure a nomogram that may predict the survival rates of UCEC patients accurately. Age, stage, grade, histological type, and risk score were considered predictors of survival rates, which were combined into the nomogram (Figure 5A). It showed that risk score is the most influential factors of the nomogram total score. The calibration curve of the constructed nomogram (Figures 5B–D) performed that the survival rates predicted by TRRS was almost consistent with the actually survival rates we observed. This means the TRRS has good clinical practicability.




Figure 5 | Results of nomogram prediction. (A) An immune nomogram for predicting the survival rates of UCEC patients in 1, 3, and 5 years. The calibration curve of the constructed nomogram of 1- (B), 3- (C), and 5-year (D) survival.





Clinical Factors and Risk Score Will Affect the Prognosis

AUC was employed to calculate the prognostic capability of clinical factor and risk score. The higher the AUC, the more precise the TRRS. Risk score and four clinical factors are shown on Figures 6A–C. The AUCs of the clinical factors combined with the risk score of 1-, 3- and 5-year survival rates were 0.751, 0.758, and 0.758, respectively (Figures 6D–F). The result showed that using the risk score combined with clinical characteristics to evaluate the prognosis resulted in high sensitivity and specificity. After that, Cox regression analyses including univariate and multivariate regression were applied to calculate the prognosis capacity of risk score and clinical factors. As performed in Figures 6G, H, the outcome of univariate cox regression analysis in the entire set showed that stage (HR, 3.881; 95%CI, 2.561–5.883, p < 0.001), histological type (HR, 2.836; 95%CI, 1.874–4.291; p < 0.001), and risk score (HR, 1.050; 95%CI, 1.028–1.072; p < 0.001) were related to UCEC prognosis. However, the outcome of multivariate Cox regression indicated that stage (HR, 2.836; 95%CI, 1.874–4.291; p < 0.001) is an independent prognostic factor of UCEC. Besides, the stage (HR, 2.785; 95% CI, 1.559–4.973; p < 0.001), grade (HR, 3.729; 95% CI, 1.739–7.997; p < 0.001), and risk score (HR, 1.152; 95%CI, 1.106–1.200; p < 0.001) were related to the prognosis of UCEC. However, in the train set, only the risk score (HR, 1.171; 95%CI, 1.066–1.170; p < 0.001) was independently correlated with the prognosis of UCEC patients (Figures 6I, J). Then we used prognostic stratification to analyze the function of risk score to judge the prognosis of UCEC. The result indicated that with different clinical characteristics (age, stage, grade, and endometrial histological type), UCEC patients with different risks have different overall survival rates (Supplementary Figure S7). This result also proved that risk score can affect the prognosis of UCEC patients independently.




Figure 6 | Influence of clinical factors and risk score on prognosis. Clinical factor and risk score AUC of 1- (A, D), 3- (B, E), and 5-year (C, F) survival rates. Uni- and multivariate Cox regression analyses in the entire (G, H) and train sets (I, J).





GSEA and ESTIMATE and ssGSEA Analysis

Through GSEA, we concluded that the high risk is related to tumor-related pathways (Figure 7A), which can explain why high-risk groups have poor prognosis. Low risk in patients is associated with the pathways that related to immunity (Figure 7B). Therefore, we use ESTIMATE and ssGSEA analysis to verify the difference in immunological status between the groups. The immune score, stromal score, and estimate score were achieved by ESTIMATE algorithm through R “estimate” package (Figures 7C–H). The study on the association between risk score and immunity based on ssGSEA also confirmed that the risk score was negatively correlated with its immune ability (Figures 7I, J).




Figure 7 | The results of GSEA and ESTIMATE and ssGSEA analysis. Gene set enrichment analysis based on KEGG of high- and low-risk groups (A, B). The boxplot showed the difference in ESTIMATE score (C), immune score (D), and stromal score (E) calculated using ESTIMATE algorithm between the two groups. The plot showed the relationships between ESTIMATE score (F), immune score (G), and stromal score (H). The difference in each immune cell (I) and immune function (J) calculated by ssGSEA method between high- and low-risk groups. *P < 0.05; **P < 0.01; ***P < 0.001. ns, not significant.





The Relationship Between the TRRS and Immune Response in UCEC

According to our previous studies, we comprehensively assess the values of 22 immune cells by using CIBERSORT. Figure 8A shows the results we got from 251 UCEC samples. The result showed that dendritic cells activation, macrophage M0, resting NK cells, T-follicular helper cells, and gamma delta T cells were obviously stronger in the high-risk group. Resting dendritic cells, monocytes, neutrophils, CD8 T cells, activating NK cells, and Tregs were obviously higher in low-risk patients (Figure 8B). The results of the relationship analysis were consistent with this. Activated dendritic cells (R = 0.23, p < 0.001), macrophage M1 (R = 0.14, p = 0.029), and macrophage M2 (R = 0.15, p = 0.021), T follicular helper cells (R = 0.15, p = 0.020), and gamma delta T cells (R = 0.18, p = 0.005) were positively associated with the risk score. While resting dendritic cells (R = −0.17, p = 0.009), monocytes (R = −0.16, p = 0.014), activating NK cells activated (R = −0.19, p = 0.003), CD8 T cells (R = −0.14, p = 0.023) were positively associated with the risk score. Specially, the risk scores were strongly negatively related to the expression of Tregs (R = −0.33, p = 8.5e−08). This is consistent with the previous results (Figure 8C).




Figure 8 | The relationship between the TRRS and immune response. (A) Relative percentage of each type of immune cell in 253 EC samples from TCGA cohort (B). The difference in immune response between high- and low-risk groups. (C) Relationship between immune response and risk score.





IPS and Immune Checkpoints

Immune checkpoints (CTLA4 and PD1) are able to assess the response of patients to immunotherapy. The result showed that the expression of CTLA4 (entire set: R = −0.16, p = 0.00025; train set, R = −0.16, p = 0.0098) and PD1 (entire set: R = −0.15, p = 0.00042; train set: R = −0.19, p = 0.0023) were negatively correlated with TRRS in both train set and entire set (Figures 9A–D). In addition, patients in lower risk presented higher gene expression of CTLA4 and PD1 in both train set and entire set (p < 0.05) (Figures 9E–H). Consequently, we supposed that immune checkpoints related to Tregs might be used in immunotherapy of UCEC. In this study, we further analyzed the correlation between IPS and TRRS in UCEC. The IPS, IPS-CTLA4, IPS-CTLA4/PD-L1/PD1/PD-L2, and IPS-PD1/PD-L1/PD-L2 scores were employed to assess the probability of ICI. Low-risk patients had significantly higher scores (Figures 9I–L: IPS, p < 0.001; IPS-CTLA4, p = 0.003; IPS-CTLA4/PD-L1/PD1/PD-L2, p = 0.008; and IPS-PD1/PD-L1/PD-L2, p = 0.027). Consequently, we inferred that patients with low risk are more likely to trigger an immune response.




Figure 9 | The relationship of risk score with immune checkpoints. (A) Relationship between risk score with CTLA-4 expression in the entire set. (B) Relationship between risk score with CTLA-4 expression in the train set. (C) Relationship between risk score with PD1 expression in the entire set. (D) Relationship between risk score with PD1 expression in the train set. (E) Differences in CTLA-4 expression between high- and low-risk patients in the entire set. (F) Differences in CTLA-4 expression between high- and low-risk patients in the train set. (G) Differences in PD1 expression between high- and low-risk patients in the entire set. (H) Differences in PD1 expression between high- and low-risk patients in the train set. (I–L) The association between IPS and the TRRS in UCEC patients.





The TRRS and Mutation Profile

Tumor burden has always been an important factor affecting immunotherapy (35). In our study, TMBs are negatively correlated with TRRS (Figure 10A). Genes that had the most frequent mutation in each groups are shown in Figures 10B, C. Low-risk patients had heavier TMB (p = 0.032) (Figure 10D). Furthermore, survival probability of lower TMB patients was significantly lower than those of patients with higher TMB (Figure 10E). Meanwhile, patients with lower tumor mutational burden and high risk had the lowest survival probability compared with other groups (p < 0.001) (Figure 10F).




Figure 10 | The mutation profile and TMB among low- and high-risk groups. (A) The relationship between TMB and TRRS. (B, C) Mutation profile of low- and high-risk groups. (D) The relationship between the TRRS and TMB. (E, F) The association of TMB and prognosis in TCGA UCEC dataset.





Relationship Between TRRS and Chemotherapy Sensitivity

Recently, chemotherapy is an ordinary treatment for UCEC; we analyzed the response of two groups to six chemotherapeutic drugs including cisplatin, docetaxel, doxorubicin, gemcitabine, methotrexate, and paclitaxel. We calculated IC50 for each samples using the TRRS. The results showed that half of those drugs have significant distinction between the groups. Doxorubicin (p = 0.001) and gemcitabine (p = 0.004) have higher sensitivity in the low-risk group, which indicated that chemotherapeutic drugs may have better curative effect in the high-risk group (Figure 11A). After that, we further analyzed the relationship between expression of genes in TRRS and chemotherapy sensitivity. The outcome indicated that seven genes were strongly correlated to the sensitivity of some chemotherapeutic drug (p < 0.01) (Figure 11B). For example, GOLGA7, ITPK1, and NPRL3 were correlated with increased drug resistance of cancer cells to Dasatinib, Zoledronate, PF-06463922, Brigatinib, LDK-378, Vinorelbine, Carfilzomib, and Bortezomib, respectively. Meanwhile, increased expression of ST6GALNAC4 and PCSK4 was related to more sensitivity of tumor cells to a number of chemotherapy drugs like Temsirolimus, Bleomycin, Nelarabine, and Cladribine. In addition, CDC16 was positively correlated with ARRY-162 and Selumetinib but was negatively correlated with Everolimus. The mechanism needs further study.




Figure 11 | The results of chemosensitivity analysis. (A) Association between the risk score and chemosensitivity in UCEC. The box plots of the estimated IC50 for cisplatin, docetaxel, doxorubicin, gemcitabine, methotrexate, and paclitaxel were shown in the two groups. (B) Scatter plot of relationship between prognostic gene expression and drug sensitivity.





Immunoassay for ZSWIM1

Among the eight genes, only the expression of ZSWIM1 was consistent with the prognosis, so we chose ZSWIM1 for further analysis. Tumor-infiltrating lymphocytes (TILs) can undertake the role of an independent predictor in several cancers. Consequently, TISIDB was applied to analyze the relationship between TILs and ZSWIM1expression. The correlation between ZSWIM1 expression and TILs in different descriptions of cancer is performed in Figure 12A. The expression of ZSWIM1 was negatively correlated with Tregs in UCEC (R = −0.161, p = 0.000168). Immunopotentiators, immunosuppressants, MHC molecules (Figure 12B), chemokines, and receptors (Figure 12C) had a negative relationship with the expression of ZSWIM1. There exist significant distinction in the expression of ZSWIM1 among different immune and molecular subtypes of UCEC. The relationship between ZSWIM1 expression and human cancer immune subtypes is shown in Figure 12D. Specifically, the expression of ZSWIM1 in wound healing, interferon gamma (IFN-γ) dominance, inflammation, lymphocyte depletion, and transforming growth factor alpha (TGF-α) was increased in turn. However, it was negatively correlated with molecular subtypes.




Figure 12 | The results of immunoassay for ZSWIM1. (A) The landscape of relationship between ZSWIM1 expression and TILs in different types of cancer (red is positive correlation, and blue is negative correlation). (B) The relationship between ZSWIM1 expression and immunomodulator. (C) The relationship between ZSWIM1 expression and chemokine. (D) The relationship between ZSWIM1 expression and subtype.






Discussion

UCEC is a common gynecological malignant tumor (36) with low survival rate and poor prognosis (37–39). However, if the disease is correctly diagnosed in the early stage, the 5-year survival rate can be as high as 90% (40). At present, the treatment of EC is based on surgical operation (41), postoperative radiotherapy, and chemotherapy, which can be performed according to the type and stage of tumor (42). However, patients in same clinical stage may manifest different clinical characteristics, indicating that it is insufficient to estimate the prognosis of UCEC according to the traditional clinicopathological staging (7). In recent years, CA125 and HE4 have been used as serum markers of UCEC. However, the accuracy of serum prediction is relatively low (43). Clinical trials of UCEC patient showed that the effective rate of mammalian target of rapamycin (mTOR) inhibitors treatment was <10% (44). Immunotherapy has replaced traditional radiotherapy and chemotherapy as a remedy method for cancer. Especially, CTLA-4, PD-1, and PD-L1 antibodies have curative effect on tumor treatment (45). In this study, The Cancer Genome Atlas (TCGA) database was employed to construct TRRS for patients with UCEC, which is expected to be used to monitor prognosis and immunotherapy response in UCEC.

In the immunotherapy of different kinds of cancer, blocking immune checkpoint has shown a wide range of effects (46). Antibodies against checkpoint molecule, namely, CTLA4, PD1, and PD-L1 have shown clinical efficacy and persistence in more than 15 kinds of human malignant caners (47, 48). This has been approved by the Food and Drug Administration (FDA) as a treatment strategy for a variety of cancers. In particular, anti-PD-1 combination therapy can be applied as a remedy for advanced melanoma, which has good curative effect compared with any single drug therapy (49).

At the beginning, CIBERSORT was employed to assess the proportion of T cells, which indicated that the more advanced the clinical stage and grade, the lower the expression of Tregs. This means that TRRS is a tumor suppressor gene. By using the WGCNA algorithm and correlation analysis, the red module was selected as the most relevant module. GO and KEGG enrichment analysis showed that the red module has the closest relationship with Tregs. Univariate, LASSO, and multivariate Cox regression were applied to calculate prognostic significances in risk score and some clinical factors.

Genome-wide analysis of these eight genes indicated that these high frequency mutations and methylation had close relationships with gene expression, and they were involved in regulating the activity of injury response pathway. The high expression of these genes in tumor samples and early clinical stage indicates their potential use as biomarkers. The outcomes of qRT-PCR were similar to the trends detected in the TCGA dataset, which confirmed the prediction ability of the model to a certain degree. The AUC of the risk score showed the high sensitivity and specificity of TRRS. The AUCs of the risk score merged with clinical characteristics were higher, which suggests that using the TRRS together with clinical factors, we can give patients a better treatment guidance. In line with previous studies, the results of this study showed that age, stage, and grade were also connected with the prognosis of patients with UCEC. The nomogram shows that the TRRS can accurately assess the prognosis of UCEC (7). Studies on several common chemotherapeutic drug reactions have found that low-risk patients had higher sensitivity to adriamycin and gemcitabine; furthermore, the expression of CTLA-4, PD1, and PDL1 was higher in the low-risk group, which means that chemotherapeutic drugs could have better efficacy in low-risk patients. TMB was used to assess the ability of TRRS to identify patients who have higher response to ICI (35). TMB was higher in low-risk groups with UCEC. This means that low-risk patients have the possibility to be identified by immune cells and can benefit more from immunotherapy. In addition, the survival probability of low TMB cases was significantly lighter than that of cases with high TMB.

Eight genes were selected for further analysis and had been used as prognostic markers in other diseases. CDC16 has a connection with multiple neurodevelopmental disorders (50, 51). It has been found that CDC16 has potential therapeutic function in melanoma (52). ITPK1 may serve as biomarkers for GC pathogenesis (53, 54). The expression of PCSK4 mRNA is decreased in non-islet-cell tumor hypoglycemia (NICTH) patients, which has been demonstrated to be related to serum big IGF2 increase (55). Coronin 1B (Coro1B) is one of the actin binding proteins that can regulate platelet-derived growth factor (PDGF)-induced vascular smooth muscle cell (VSMC) migration, suggesting a new therapeutic target for vasculopathies (56). ZSWIM1 can be used as a biomarker of T helper cell differentiation (57). Nitrogen permease regulator-like 3 took part in the construct of GATOR1 complex (Supplementary Figure S1), which can regulate the mTOR pathway (58). Chang Soo Ryu found that NPRL3 is a common biomarker for ischemic stroke (59). Linghui Zhou found that rs11337 (G > T) in GOLGA7 is related to survival of glioma patients (60). ST6GALNAC4 expression is related to glycosphingolipids synthesis, which has a connection with breast cancer (61, 62). By using GSEA, tumor-related pathways like ERBB, TGF-BETA, and WNT were significantly enriched; these pathways are deemed to be associated with tumor, which could be used as novel therapeutic targets (63–65). Immune-related responses were significantly enriched in low-risk patients, which further validated the difference in immune status between the two risk groups. Besides, high-risk cases had higher fractions of monocytes, NK cells, CD8 T cells, neutrophils, and Tregs. Researchers have confirmed that NK cells, CD8 T cells, neutrophils, and Tregs were significantly associated with survival of UCEC patients (66).

Genome-wide analysis of the genes showed that the mutation frequency of PCSK4 was the highest. The expression of the TRRS was positively correlated with CNV. Besides, the methylation of GOLGA7, PCSK4, ZSWIM1, ST6GALNAC4, and ITPK1 was downregulated. DNA methylation is an epigenetic mechanism to control the expression of oncogenic or tumor-suppressive genes. Scientists have studied the potential effectiveness of some methylated biomarkers in predicting cancer prognosis (67). However, there has been seldom studies on these genes’ methylation in UCEC, so it makes sense to do further research. Further study on ZSWIM1 based on TISIDB showed that the expression level of ZSWIM1 in different immune subtypes and molecular subtypes of UCEC was significantly different. The immunosuppressant was effective on ZSWIM1 gene. Therefore, ZSWIM1 can be considered as a target for UCEC treatment.

Previous studies have also found gene prognostic markers closely related to UCEC (68–70), but it is the first time to construct a model in Treg cells to predict the prognosis of UCEC. AUC is a crucial standard to judge whether a prediction model has good discrimination. In another article that also identified a signature for predicting the prognosis of patients with UCEC, the AUC of the prognostic model using 10 immune genes was 0.756 (7). In this study, the AUC for the signature that we constructed in 1 year is 0.781, and it is 0.836 in 3 years and 0.753 in 5 year. It is higher than that of a previous study that showed high sensitivity and specificity of our model, suggesting that the model has a better ability to predict the probability of disease occurrence. Nonetheless, this study still has some deficiencies. The conclusion of our study is mainly on account of bioinformatics analysis, and further clinical research is needed. Furthermore, risk factors of UCEC, such as obesity and smoking, were not discussed in this study.



Conclusion

All in all, through a series of bioinformatics analysis, we constructed a TRRS as potential biomarkers and targets for immunotherapy of UCEC. Low-risk patients had better prognosis and higher response rate to ICI. In the future, TRRS is expected to help predict prognosis and assess the efficacy of immunotherapy for UCEC patients, which can provide individualized treatment.
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Supplementary Figure 1 | Soft-thresholding parameters of WGCNA. (A) Analyze the scale-free fit index for various soft-thresholding parameters. (B) Analyze the mean connectivity for various soft-thresholding parameters. (C) Histogram of connectivity distribution when β=6. (D) Check of scale-free topology when β=6.

Supplementary Figure 2 | GO and KEGG analysis (A) Top ten biological process related to key gene using GO analysis. (B) Top ten cellular component related to key genes using GO analysis. (C) Top ten molecular function related to key genes using GO analysis. (D) Top ten human pathway related to key genes using KEGG analysis.

Supplementary Figure 3 | LASSO COX regression and multivariate Cox analysis. (A, B) LASSO COX regression for OS of TRRS in the TCGA cohort. (C) Forest plot illustrating the multivariate Cox model results of eight gene related to Tregs.

Supplementary Figure 4 | Comparison of the expression of the eight genes. (A) Expression levels of the eight genes between EC samples and normal tissues evaluated by means of Wilcoxon signed-rank test. (B) Expression levels of the eight genes between normal tissues and tumor tissue evaluated by using qRT-PCR.

Supplementary Figure 5 | The relationships between gene expression and clinical characteristic.

Supplementary Figure 6 | The association of expression of eight gene and OS in TCGA UCEC dataset. (A) GOLGA7; (B) CORO1B; (C) CDC16; (D) ZSWIM1; (E)PCSK4; (F)ITPK1.

Supplementary Figure 7 | Overall survival result between patients with high and low risk. (A) age>60; (B) age<60; (C) grade G1&G2; (D) grade G3&G4; (E)histological-type Mixed &Serous; (F) Stage I& Stage II; (G) Stage III& Stage IV.
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Glioblastoma is the most aggressive brain tumor with a median survival ranging from 6.2 to 16.7 months. The complex interactions between the tumor and the cells of tumor microenvironment leads to tumor evolution which ultimately results in treatment failure. Immunotherapy has shown great potential in the treatment of solid tumors but has been less effective in treating glioblastoma. Failure of immunotherapy in glioblastoma has been attributed to low T-cell infiltration in glioblastoma and dysfunction of the T-cells that are present in the glioblastoma microenvironment. Recent advances in single-cell sequencing have increased our understanding of the transcriptional changes in the tumor microenvironment pre and post-treatment. Another treatment modality targeting the tumor microenvironment that has failed in glioblastoma has been anti-angiogenic therapy such as the VEGF neutralizing antibody bevacizumab, which did not improve survival in randomized clinical trials. Interestingly, the immunosuppressed microenvironment and abnormal vasculature of glioblastoma interact in ways that suggest the potential for synergy between these two therapeutic modalities that have failed individually. Abnormal tumor vasculature has been associated with immune evasion and the creation of an immunosuppressive microenvironment, suggesting that inhibiting pro-angiogenic factors like VEGF can increase infiltration of effector immune cells into the tumor microenvironment. Remodeling of the tumor vasculature by inhibiting VEGFR2 has also been shown to improve the efficacy of PDL1 cancer immunotherapy in mouse models of different cancers. In this review, we discuss the recent developments in our understanding of the glioblastoma tumor microenvironment specially the tumor vasculature and its interactions with the immune cells, and opportunities to target these interactions therapeutically. Combining anti-angiogenic and immunotherapy in glioblastoma has the potential to unlock these therapeutic modalities and impact the survival of patients with this devastating cancer.
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Introduction

Glioblastoma (GBM) is the most common primary brain malignancy in adults, comprising nearly 50% of all primary central nervous system (CNS) cancer, with an average annual incidence of 3.22 per 100,000 people (1). Despite decades of research that has improved our functional understanding of the molecular and genetic characteristics of GBM, there has been minimal improvement in overall survival, as evidenced by the dismal long-term survival ranging from 6.2 to 16.7 months in patients receiving trimodal therapy (2, 3). Unfortunately, new classes of medications that have revolutionized treatment for cancer outside of the CNS have so far been unsuccessful in clinical trials for GBM. Two classes of drugs that have failed phase III trials in GBM are checkpoint inhibitors and vascular endothelial growth factor (VEGF) inhibitors. These failures occurred despite the fact that targeting the immune system and angiogenesis were particularly promising candidates for the treatment of GBM due to its marked local immunosuppression and propensity for angiogenesis. Interestingly, recent studies have suggested that substantial interactions exist between immunotherapies and anti-angiogenic therapies in many cancers, including GBM. Understanding this interplay may lead to the development of improved and synergistic combinatorial therapies. In this review, we summarize the latest insights researchers have produce on the immunologic and angiogenic components of the GBM microenvironment with a particular emphasis on how immune and anti-angiogenic therapies might interact in GBM. We also review existing agents that are currently undergoing investigation as targeted unimodal or combinatorial therapy in GBM.



The Immune Microenvironment of GBM

The microenvironment of the normal brain is generally immunosuppressive and was formally considered an immune privileged organ before the discovery of lymphatic vasculature lining murine dural sinuses (4). Despite this, the brain remains an immunologically unique organ as peripheral immune cells will only rarely patrol through the functional blood brain barrier (BBB). This BBB is composed of endothelial cells held together by intercellular tight junctions that restrict entry of most immune cells, and those cells that do cross will rapidly exit unless they have recognized a local antigen. As GBM grow beyond 1-2mm in diameter, the BBB becomes compromised allowing for a more robust infiltration of immune cells (5). Despite BBB breakdown and increased immune cell entry, GBM avoids targeting by immune cell through a number of mechanisms including local T-cell exhaustion, low tumor mutation burden, high heterogeneity among tumor cells, as well as release of a variety of soluble factors that lead to low levels of local and circulating immune cells.

CD8+ T cells in GBM are characteristically exhausted as a result of persistent stimulation. Exhaustion represents a unique transcriptomal profile that leads to an up-regulation of inhibitory immune checkpoints that ultimately leads to cell senescence (6). These dysfunctional T cells are classically identified by downregulated CD27/28 and upregulated CD57 and immune checkpoint receptors, which are accompanied molecularly by a decrease in proliferation and cellular metabolism, impaired response to cytokines, and eventual apoptotic death (7–10). One mechanism by which tumor cells provoke T cell death is through expression of Fas-L, which binds to Fas death receptor on T cells and leads to a caspase-mediated apoptotic pathway (11). GBM tumor cells often also express such checkpoint proteins as programmed death ligand 1 (PD-L1) and CTLA-4 for which increased levels of expression predict a worse clinical prognosis (12). Various transcription factors have been implicated in T cell exhaustion such as PBX3, Prdm1, Eomes family, CD122, and others that collectively contribute to changes in phenotype towards loss of effector function (6).

Tumor mutational burden (TMB) is defined as the total number of protein-altering mutations in coding regions of genes. In many cancers, a high TMB is associated with an immune-reactive phenotype and substantial local cytotoxic CD8+ cell population (13). GBM has a lower TMB phenotype than most other solid malignancies, which likely contributes to its poor prognosis due to fewer immunogenic neoantigens to provoke immune response. Unexpectedly, a higher relative TMB among patients with GBM confers a worse prognosis on survival and worse response to immunotherapy, which opposes the trend seen in most other cancers (14–16).

GBM also has profound intratumoral heterogeneity as characterized by intercellular genetic diversity within the tumor. Previously canonical subtypes of GBM (proneural, neural, mesenchymal, classical) have recently been challenged as evidence from single cell sequencing data reveals that these subtypes are all variably expressed within the same GBM sample, which reflects the heterogeneity of different spatial compartments in the tumor with molecular classifications that likely exist on a continuum rather than binary form (17, 18). High intratumoral heterogeneity results in inconsistent molecular targets whereby divergent tumor cells will not respond similarly to certain therapies.

GBM tumor cells release various cytokines that contribute to the immunosuppressive milieu including IL-1/IL-6/IL-10 (suppresses activity of CD8+ and Th cells) (19–21), chemokine CCL22 (attracts CD25+ FoxP3+ regulatory T cells to the tumor niche) (22, 23), and TGF-β (facilitates epithelial−to−mesenchymal transition and impedes transmigration of T cells to the tumor via the downregulation of ICAM expression on the endothelial cell surface) (24–26). In addition to local immunosuppression, there is systemic immune impairment as indicated by decreased levels of circulating T cells and increased proportion of regulatory T cells measured in the peripheral blood (27). Systemic immunosuppression as measured by high neutrophil to lymphocyte ratio (NLR) is a negative prognostic factor on overall survival and progression-free survival (28).



The Vascular Microenvironment of GBM

Extensive angiogenesis is characteristic of glioblastoma and is controlled by a number of converging pathways. Glial stem cells are one of the main driver of angiogenesis. They serve vital functions in providing blood supply and are identified by the fraction of GBM expressing CD133+. One mechanism by which glial stem cells route blood to tumor is through upregulation of genes involved in angiogenesis such as release of vascular endothelial growth factor (VEGF) (29). Endothelial cells, in turn, promote adjacent phenotypic change towards tumor stems cell via NOTCH ligand expression as well as release of nitric oxide to activate notch signaling (30, 31). This results in a positive feedback loop between stem cells and the blood vessel wall, promoting rapid angiogenesis. Additionally, tumor stem cells may miraculously themselves differentiate to endothelium, functionally assisting in the formation of competent microvessels (32, 33). Interestingly, tumor-derived endothelial cells are more prevalent within the core of the glioblastoma than the tumor periphery. This likely speaks to adaptation responses allowing these cells to survive in more stressful conditions than normally derived vasculature. Pericytes have also been reported to derive from the same cell lineage as GBM stem cells (34). GBM has intensive metabolic demands, and there is often local tissue hypoxia due to insufficient oxygen supply. Hypoxia drives expression of tumor stem cells genes such as those involved in the Notch pathway and calcineurin pathway (35). Hypoxia-inducible factor 2 alpha (HIF-2a) is the driver of stem cell change in response to hypoxia, and unlike HIF-a, which promotes apoptosis, HIF-2a promotes resilience in low oxygen conditions (36). HIF-2a also leads to upregulated transcription of VEG-F.

These studies collectively provide intriguing evidence that tumor blood vessels themselves are neoplastic and capable of actively remodeling the perivascular niche.

Vessel co-option is another means by which GBM cells can gain access to oxygen and nutrients. In this process, GBM cells grow towards and then along existing vasculature within the brain. In particular, GBM grow in areas where there is large surface area for tumor to endothelial cell contact, such as between micro vessels that run parallel to each other, among capillary loops, or near dilated capillaries (37). One essential driver of vessel co-option is WNT-7 expression, a pathway promoted within Oligodendrocyte-precursor stem cells (38). An important chemokine for co-option is bradykinin, which is released by endothelial cells and serves as a chemoattract to tumor cells (39).



Current Immunotherapies for GBM

A variety of immunotherapies for have been tested in phase I, II, and III clinical trials. These therapies generally fit into the following categories: targeted molecular inhibitors, vaccine-based therapies, viral therapies, and adoptive T-cell therapies. While no individual or combination of immunotherapy for GBM has so far been successful in phase III testing, a number show promise in certain subgroups of patients and these are currently being further investigated. One difficulty in testing new therapies is the relative few number of patients that present with GBM in comparison to the total number of therapies on trial. To remedy this, many trials have begun to use historical control groups and may combine clinical phase I and II or phase II and III testing in certain cases (40–43).


Targeted Molecular Inhibitors

Immune checkpoint inhibitors (CPI) are the most well studied molecular inhibitors in GBM and they have shown impressive increases in survival for a number of other cancer types (44). These drugs target inhibitory receptors expressed by immune cells or their ligands. The most well-studied CPIs target programmed cell death protein 1 (PD-1), programmed death-ligand 1 (PD-L1) and cytotoxic T-lymphocyte-associated protein 4 (CTLA-4). T-cell immunoglobulin and mucin domain 3 (Tim-3) and Lymphocyte-activation gene 3 (LAG-3) are more recently investigated CPIs that have shown to be co-expressed with classic CPIs and show promise as additional targets in clinical testing (45–50).

The failure so far for CPI to promote survival in GBM, despite its efficacy in other cancer types, is likely a combination of the many unique facets of the GBM immune landscape as described above (51). Briefly, it is a heterogenous tumor with low tumor mutational burden and persistently exhausted tumor-associated lymphocytes. As such, an incomplete immune response is mounted with subsequent selection of tumor cells best able to respond to CPI. There also exists an intricate balance between pro and antitumoral immune regulation, whereby targeting one immune checkpoint receptor results in immediate recalibration of other signaling pathways to re-center the balance and prevent immune overactivity. To overcome varied methods of resistance, CPI in combination with other targeted molecular inhibitors holds future promise as these therapies may work synergistically to target select pathways that GBM utilizes to overcome CPI monotherapy.

A tryptophan metabolic enzyme, IDO is also considered a contributing factor for immune resistance in GBM through tryptophan metabolism. A recent study has shown that IDO can have shown that IDO can suppress immune response by inducing the expression of compliment factor H (CFH) independent of tryptophan metabolism and could act as a potential target for therapy (52).

Interactions of the tumor cells with the cells of the tumor microenvironment has led to the discovery of novel targets for therapies. A recent preclinical study showed that targeting tumor associated macrophages (TAMs) using a colony stimulating factor 1 receptor (CSF-1R) combined with radiation results in increased survival of mice (53). A recent study from our lab identified cancer associated fibroblasts (CAFs) in GBM and showed that pro-tumoral effects of CAFs are mediated through osteopontin and HGF pathway in GBM (54). STAT3, a member of STAT family of transcription factors has been shown to have an important role in regulating the GBM tumor microenvironment and is considered a promising target (55).



Vaccine-Based Therapies

Peptide, dendritic cell, and heat shock protein vaccines are the primary vaccine types in GBM treatment. Peptide vaccines consist of the direct inoculation of tumor associated antigens (TAA). These peptides can be extracted from patient tumor tissue, or from synthetic production of canonical GBM epitopes. Commonly targeted GBM TAAs are epidermal growth factor receptor variant III (EGFRvIII), gp100, survivin, TRP-2, AIM-2, MAGE-1 (56). One of the difficulties of peptide vaccines is that individual use is restricted to certain HLA haplotypes, which limits generalizability of these agents, and creates a substantial hurdle to their testing in clinical trials (57).

Among the challenges of vaccine therapy are the heterogeneity of tumor cell populations that may not all hold the same mutations. As such, there will be a selection towards those cells that do not express selected TAA. Furthermore, there is a large population of MHC I−absent GBM tumor cells that will not respond to vaccine approaches because they do not present antigens. Lastly, the local GBM landscape is T cell depleted, so developing therapies to enhance T cell infiltration to tumor will be necessary in combinatorial approaches to augment the efficacy of vaccine approaches. In general, because of their minimal toxicity, there is little risk in adding vaccines on top of other chemotherapeutic or targeted modalities.



Viral Therapies

Viral based therapies tackle the immunosuppressive GBM microenvironment through direct oncolysis and delivery of therapeutic payload or gene therapy to the tumor. These are generally delivered intratumorally or postoperatively into the resection cavity, and specifically target GBM due to its high metabolic activity and rapid cell cycle progression in comparison to surrounding brain parenchyma. This approach has the unique benefit that the viral vector itself will often stimulate an immune response that an immunostimulatory transgene within the virus can further potentiate. Subsequent tumor cell death in presence of activated immune cells will theoretically allow tumor cells antigens to be processed and subsequently targeted by immune cells. A variety of virus types have reached clinical trials including retrovirus, adenovirus, lentivirus, herpes simplex virus, and reovirus, parvovirus, measles virus, poliovirus, and others (58, 59). The few viral therapies that have reached phase 3 trials have failed to demonstrate positive effect on overall survival (60–63). Additionally, the most thoroughly investigated therapies delivered the suicide genes thymidine kinase or cytosine deaminase (toca 511) rather than agents that may more directly modulate the local immune landscape. There are promising agents on the horizon in preclinical, phase 1, and phase 2 studies that directly deliver immunomodulatory agents such as ad-RTS-hil-12, interferon beta, VB111 (discussed below), tesurpaterev (64), RLI, and others (59, 62, 65).



Adoptive T-Cell Therapies

Adoptive T cell therapy (ATC) is a setup by which autologous T cells are extracted from patient, expanded in vitro, and subsequently returned to patient in larger numbers. More recently, there have been efforts to genetically modify extracted T cells to express specific antigen or tumor receptors. Clinical trials for ATC lag behind other approaches and none have yet reached phase III testing.




Current Anti-Angiogenic Therapies for GBM

Most anti-angiogenic therapies target ligands, their receptors, or downstream signaling pathways that are implicated in vessel growth. The primary driver of angiogenesis in GBM is VEGF-A, which is secreted by tumor cells and binds to receptor VEGFR-2 on the endothelial cell surface, resulting in the activation of PI3K–Akt and MAP kinase pathways that promote endothelial cell proliferation and survival. Weaker proangiogenic growth factors are platelet derived growth factor (PDGF) that binds to PDGFRa/b and fetal growth factor (FGF) that binds to FGFR, as well as cell surface targets such as Notch and αvβ3/αvβ5 integrins. Targeting the above proteins or their implicated intracellular signaling proteins has been an active area of investigation.


Antibody Therapies

Bevacizumab, a monoclonal antibody that targets free VEGF-A, is the only targeted therapy that has received FDA approval for GBM. It was originally granted accelerated approval in 2009 for recurrent GBM based on the success in prolonging patient survival in two phase II clinical trials (66, 67). Thereafter, bevacizumab had disappointing results for newly diagnosed GBM in randomized phase III clinical trials AVAglio and RTOG 0825, in which there was no improvement in overall survival (68, 69). Despite this, FDA converted bevacizumab to full approval for recurrent GBM due to a reduction in disease progression based on findings from another phase III study, EORTC 26101 (70). Bevacizumab’s failure to improve OS despite its prolongation of progression free survival is likely due to impressive improvements in imaging that are merely artifact changes in blood flow (via rapid reduction in vessel permeability and contrast extravasation) rather than true treatment effect on tumor biology. However, bevacizumab has been shown to result in reduction in the use of corticosteroids to treat brain edema. There are many other antibody therapies that are being investigated, including those targeting other growth factors (HGH, PDGF, PGF, etc), their receptors (VEGFR-2, EGFR, PDGFR, etc), as well as decoy receptors (VEGF-trap), but none so far have had successful phase three trials.



Resistant Mechanisms to Anti-Angiogenic Therapies

Mechanisms of resistance to antibody therapy are manifold and include converging adaptive and intrinsic mechanisms centered on upregulation of alternative or redundant angiogenic pathways, protection of tumor vasculature by recruiting proangiogenic cells such as pericytes, increased invasiveness of tumor cells that further co-opt normal brain vasculature, increased metastatic seeding, selection and propagation of those tumor subpopulations that avoid inhibition, and myeloid cells that release alternative proangiogenic factors (71, 72). Furthermore, one study found that about 20% of primary GBM do not express VEGFA and as such would likely not at all respond to anti-VEGF treatment (73). Microarray and single-cell sequencing of bevacizumab-resistant patient glioblastoma specimens demonstrates upregulated mesenchymal genes, particularly β1 integrin glycoprotein, receptor tyrosine kinase c-Met, YKL-40, and transcription factor ZEB1 (74–76). Glucose transporter 3 (GLUT3) also appears to play a vital role in antiangiogenic therapy resistance, and inhibiting this protein resulted in cell death in bevacizumab-resistant GBM cells (77). To combat rapid resistance, a number of other targets have been developed including tyrosine kinase inhibitors, signal pathway inhibitors, and novel targeted therapies that can be used singly or in combination to target vasculature in a multifaceted approach. These have begun to be employed in combination with bevacizumab to target tumor invasion and angiogenesis (78–81).



Tyrosine Kinase Inhibitors

Small molecule inhibitors are an alternate way to target growth factor ligands and their receptors. Unlike the fine selection that antibody therapy has on its target, small molecule inhibitors of tyrosine kinase will variably target several tyrosine kinase receptors that together impact vessel growth. For instance, the best studied tyrosine kinase inhibitor cediranib targets VEGFR-1/2/3, PDGFR- α/β, FGFR-1, EGFR, as well as the stem cell factor c-kit receptor (82–84). However, cediranib has failed phase III clinical testing in prolonging progression free survival in patients with recurrent GBM (84). One of the particular difficulties of small molecule inhibitors in the treatment of GBM is the relatively impermeable BBB that heavily restricts delivery of these molecules to the tumor. It has been demonstrated that many tyrosine kinase inhibitors are indeed substrates of P-glycoproteins and other resistance proteins that are highly expressed on capillary endothelial cells and are involved in active efflux of drugs out of the CNS. Additionally, while small molecule inhibitors often inhibit multiple types of tyrosine kinase, in general they are insufficient to block all receptor signaling, and as a result GBM may simply respond by upregulating or activating these same tyrosine kinase receptors (85).



Miscellaneous Agents

A diverse set of other agents have been developed to target vascular growth via unique mechanisms. Some targets for inhibition include signaling pathways that are downstream of tyrosine kinase such as protein kinase C, mTOR, Ras, and others, which have proven successful in multiple other cancer types. For instance, thalidomide is being tested in glioma and it has been shown to inhibit EGF-induced phosphorylation of extracellular signal regulated kinase (ERK), as well as EGF-induced Ras activation by preventing transition to GTP-bound active Ras (86). There are intriguing other agents with mechanisms that function outside of the tyrosine kinase signaling pathway framework. These include cytokines and other soluble factors, extracellular ligands, as well as intracellular cell machinery with diverse and sometimes converging pathways. One such agent is celecoxib, a selective cyclooxygenase-2 (COX-2) inhibitor, which has been shown to reduce vascularization and subsequently suppress expression of proteins VEGF and HIF-1α (87). In a phase 2 study, however, the combination of thalidomide and celecoxib in addition to standard of care failed to meet the primary endpoint in reducing progression free survival, and also failed to correlate treatment response with a reduction in angiogenic peptides including VEGF (88). There are also hormonal therapies such as 2-methoxyestradiol, an estradiol metabolite, which downregulates HIF-1a at the posttranscriptional level and results in decreased HIF-1α-mediated VEGF expression. Results of a phase 2 trial showed modest anti-tumor effect (89).Another HIF factor HIF-2α has been studied in GBM and is associated with poor patient outcome (90). Recently, FDA approved a HIF-2α inhibitor belzutifan for hemangioblastomas a different central nervous system tumor.

Matrix metalloproteinases are found in tumor cells and are implicated in cell invasion by means of proteolytic degradation of extracellular proteins. There is evidence that these metalloproteinases facilitate the specific invasion associated with vessel cooption (91). In addition, matrix metalloproteinases are able to activate various cytokines, such as TGF-B and VEGF through direct interaction (92). Inhibitors of these metalloproteinases hold promise as anti-angiogenic agents in a variety of cancers, however one such agent marimastat failed phase 2 testing in newly diagnosed GBM patients (93).

Another promising agent is enzastaurin, an inhibitor of protein kinase Cβ (PKC-β). Anti-angiogenic effect of this drug is based around an alternate downstream VEGF signaling pathway that is essential for endothelial proliferation and migration. Inhibition of PKC-β by enzastaurin has been demonstrated to decrease microvascular density and VEGF expression in human tumor xenografts (94). The drug also causes direct cytotoxicity to tumor cells. After results in a phase 2 trial in which a germline polymorphism on chromosome 8 (DGM1) was found post hoc to be associated with a significant increase in response to enzastaurin in newly diagnosed GBM patients, it has been granted fast track approval for phase 3 testing in biomarker positive patients (95, 96).

Integrins are yet another molecular vascular target. These are highly expressed on the endothelial surface and interact with extracellular matrix proteins to promote endothelial cell migration. They also interact and with immunoglobulin superfamily molecules to promote pro-angiogenic macrophage trafficking to tumors (97). However, in phase 3 clinical testing, the addition of cilengitide—a cyclic RGD pentapeptide that selectively inhibits the integrins αvβ3, αvβ5 and α5β1—to temozolomide did not improve outcomes (98). Additionally, combination trials of cilengitide with cediranib, a VEGFR inhibitor, failed to produce good results (99).




Synergy in Immunotherapy and Antiangiogenic Agents in GBM

Despite decades of developing new antiangiogenic agents and immunotherapies, none so far have successfully prolonged overall survival for newly diagnosed or recurrent GBM. However, some show promising results in certain subgroups (e.g. enzastaurin in GBM patients with the DGM1 polymorphism). While these results have been disappointing, there is optimism that combination therapies between agents that target the immune and vascular systems could be more successful. It has been demonstrated that there exists substantial crosstalk between the vascular and immune systems. Understanding how these interactions may potentiate drug effects will likely lead to the development of successful therapies for GBM in the future.


Soluble Factors With Dual Immunologic and Angiogenic Functions

A variety of soluble factors have been demonstrated to influence both the immunologic and angiogenic aspects of the tumor microenvironment. One of these is VEGF, the primary driver of angiogenesis, which is also a potent immunosuppressive factor that promotes tumor growth by modulating the adaptive and innate immune compartments. VEGF affects the ability of CD34+ hemopoietic progenitor cells to differentiate into functional dendritic cells (DC) in an NF-kB signaling-dependent manner, thus contributing to evasion of immune survelience (100, 101). Those DCs that do develop in setting of VEGF have dramatically reduced functional capacity in presenting antigen to allogenic T cells or in stimulating a primary immune response with a presented antigen. Interestingly, VEGF does not affect function of already-mature DCs (102). These findings are corroborated in a report on GBM where VEGF blockade likewise led to more differentiated and less active DCs in the brain (103). VEGF enhances a number of inhibitory checkpoints involved in T cell exhaustion including PD-1, as Tim-3, CTLA-4, and Lag-3 (104). Data from colorectal cancer reveals that VEGF induces the expression of transcription factor TOX in T cells to drive an exhaustion-specific transcription program (105). VEGF also suppresses immune cell trafficking through the downregulation of various cell adhesion molecules including ICAM-1 and VCAM-1 (106, 107). VEGF has been demonstrated to promote the recruitment and proliferation of several immunosuppressive cells, including regulatory T cells and M2-like pro-tumoral macrophages (108, 109). VEGF may also effect systemic immune system, as demonstrated in mice subjected to VEGF infusion have decreased overall quantity of systemic DCs, T-cells, and B-cells as measured in spleen and lymph nodes (102). Other growth factors are also implicated dually in the immune and vascular compartments, such as FGF, which in addition to its potent anti-angiogenic properties, also attracts immunosuppressive immune cells such as myeloid-derived suppressor cells (MDSCs) as demonstrated in breast cancer (110). FGF also promotes M2 polarization (110).

TGF-β is another multifunctional cytokine that is implicated in immune and vascular escape mechanisms in GBM (111). TGF-β signaling stimulates production of VEGF and a number of other pro-angiogenic factors including HIF-1, FGF (112). TGF-β is in a signaling loop with proangiogenic metalloproteinases released by cancer cells, that lead to mutual upregulation and facilitates tumor progression, vessel cooptation, and proangiogenic state (113). Interestingly, TGF-β is also implicated in anti-angiogenic pathways, and it appears that competing mechanisms result in a fine balance in angiogenic signaling which is finely dependent on cell content (114). GBM and other malignancies predominantly exploit the pro-angiogenic signaling pathway (115).

TGF-β exerts strong immunosuppressive pro-tumoral effects on all cells in the immune system. TGF-β1 in particular has been demonstrated to potently block differentiation of immune cells to cytotoxic CD8+ cells or CD4+ cells, and also inhibits their function by suppressing the release of killing enzymes such as granzyme and perforin from CD8+ cells (111). It also directly inhibits MHC class I expression on glioma cells. Because of its broad implications in many pro-tumoral mechanisms, there are a number of inhibitors of TGF-β that are being tested as therapies for GBM (111).



Immune Cells Influencing the Tumor Vasculature

Immune cells may regulate tumor angiogenesis by releasing soluble factors that generally promote vascular genesis. M2 macrophages produce a number of proangiogenic factors including growth factors (VEGF, EGF, FGF, PDGF, TGF-b), CXC/CCL chemokines, and ANGPT2 (116, 117). Likewise, CD8+ T-cells have been shown to upregulate a number of chemokines including CXCL9, CXCL10, and CXCL11, which collectively enhancing pericyte recruitment into the tumor microenvironment (118). In ovarian cancer, tumor-associated plasmacytoid dendritic cells induce angiogenesis in vivo through production of TNF-alpha and IL-8 (119). MDSCs and neutrophils may promote angiogenesis by producing matrix metalloproteinase 9 as well as Bv8, of which both have been demonstrated to promote release of VEGF (116, 120). Bv8 inhibition resulted in reduced tumor vasculature in several solid malignancies (121). MDSCs can also integrate into the vasculature itself, helping to create a stable and proliferative vessel wall (122). Regulatory T cells have been implicated as pro-angiogenic forces, and their depletion in ovarian cancer resulted in robust reduction of the VEGF as measured in tumor microenvironment (123). A number of other immune cells have been reported to release VEGF including several types of natural killer cells and B cells (117).

One intriguing report from patients with recurrent GBM shows that an increase in infiltrating tumor-associated macrophages after bevacizumab is associated with poor survival, which suggests that entry of these macrophages from peripheral blood to tumor may represent an escape mechanism from antiangiogenic therapy (124). Another report reveals that a relative downregulation of macrophage migration inhibitory factor exists in bevacizumab-resistant GBM xenografts compared to bevacizumab-naïve xenografts (125). The apparent difference in these findings likely speaks to the complex interplay between M1 and M2 differentiated phenotypes that are implicated in mechanisms of bevacizumab resistance, likely by a downregulation in total migrating macrophages, but relative proliferative expansion of M2 macrophages to promote tumor growth (125).



Effects of the Abnormal Tumor Vasculature on Immune Cells

The dysfunctional vasculature present in most cancers generally prevents the activation of immune cells. Indeed, a “tumor-endothelial barrier” has been described by which tumor endothelial cells suppress T cells, target them for destruction, and block them from entering the tumor (126). As part of this barrier, tumor endothelial cells will downregulate a variety of integrins and other adhesion molecules necessary for immune cell margination and subsequent extravasation (107). Specifically, endothelin 1 was found to be upregulated in numerous immunosuppressed tumors, and mechanistically blocks T cell adhesion to the endothelium through production of nitric oxide resulting in the suppression of ICAM1 (127). The immunosuppressive mediator IDO expressed in endothelial cells can cause dilation of vessels mediated via nitric oxide in CNS tumors. While tumor vasculature suppresses entry of most immune cells, it has been demonstrated that immunosuppressive cells such as regulatory T cells are better able to migrate through endothelium, though mechanisms by which tumor selectively allows entry are still being investigated (128).

Those pro-inflammatory immune cells that manage to attach to endothelium are immunologically suppressed by a number of ligands on the endothelial surface, including inhibitory checkpoints and a reduction in MHC class I-presenting complexes. Specifically, endothelial cells have been found to express PD-L1 and PD-L2 that retain their function in downregulating CD8+ T cell activation and cytoxicity (129). In GBM, PD-L1 levels positively correlate with VEGF (130). Expression of TIM-3 has also been described to be upregulated in a number of cancer associated endothelium, including lymphoma, where it functioned to inhibit activation of CD4+ T cells and Th1 phenoytype polarization (131). Fas ligand has been demonstrated to be functionally competent on tumor endothelium. In one intriguing study, inhibition of VEGF resulted in tumor growth suppression by CD8+ T cells in manner that was dependent on the attenuation of FasL (132). The tumor endothelium also produces a number of anti-inflammatory cytokines including endothelin-1, FGF, TGF-beta, IL-6, IL-8, PDGF, G-CSF, and others (133).



Individual Therapies That Target Both the Immune and Vascular Compartments of GBM

As is evident from the substantial crosstalk that exists between the immune environment and vasculature, any one targeted therapy will likely be implicated in a variety of mechanisms that have unintended effects on cancer biology. For instance, by blocking VEGF-A, bevacizumab may inhibit VEGF-mediated immune suppression by suppressing regulatory T cells or expression of immune checkpoints. Likewise, immune checkpoint inhibitors may suppress M2 phenotypic change, resulting in a decreased M2-mediated angiogenesis. In a similar manner, some therapeutic agents for GBM have been specifically designed as dual agents to target angiogenesis and activate the immune system. Chief among these is ofranergene obadenovec (VB-111), a replication-deficient adenovirus vector that carries a transgene for a chimeric death receptor composed of TNFα receptor connected to intracellular Fas (62). When TNFα binds to the chimeric receptor, Fas pathway leads to cell quiescence and death. This transgene is restricted however to angiogenic endothelial cells which nearly exclusively have an activated pre-proendothelin 1 (PPE-1)–3x promoter (63). Initiation of this therapy has shown to result in dramatic infiltration of CD8+ T cells in tumor tissue with subsequent cell apoptosis, which likely results dually from pathways downstream of chimeric death receptor in addition to immunogenic viral epitopes that stimulate immune targeting (134). While a phase III trial failed to demonstrate survival benefit of VB-111, the patients enrolled here did not receive a ‘priming’ dose of VB-111 that may prove necessary in synergistic success with bevacizumab, as demonstrated with the good results in prior phase II study that used such a ‘priming’ dose in the study design (135). Another treatment with overlapping effects are Ang-2 inhibitors, which have been developed after GBM treated with bevacizumab were shown to express higher Ang-2 levels (136). Intriguing results from preclinical glioma studies demonstrate the reprogramming of tumor associated macrophages from M2 to M1 phenotype that co-occurs with vessel density reduction during treatment with an Ang-2 inhibitor (136–138).

However, other drugs are being developed that accommodate obviously competing immunologic and vascular pathways in the tumor microenvironment. One such example is ABT-510, a thrombospondin-1 (TSP-1) mimetic drug that competes with TSP-1 and inhibits glioma angiogenesis in vivo (139). The receptor for TSP-1, CD36, is upregulated in antigen presenting cells such as tumor associated macrophages and dendritic cells (140). Targeting this receptor for inhibition may therefore inadvertently augment the immunosuppressive local milieu in GBM.



Combining Immunotherapies With Anti-Angiogenic Therapies

There is good preclinical and clinical evidence in a variety of cancer types demonstrating improved survival when combining immunotherapies with agents that target vasculature. For instance, bevacizumab plus interferon-alpha—an immunostimulatory cytokine— is first line therapy in renal cell carcinoma and has been shown to nearly double progression free survival from 5 months to 9-10 months in two phase III clinical trials, as well as objectively increase overall survival (141, 142). In 2018, the pivotal IMpower150 study demonstrated in non-small cell lung cancer that the addition of the PD-L1 inhibitor atezolizumab to bevacizumab and chemotherapy resulted in a 22% reduction of risk of death and a 38% reduction in disease progression compared to bevacizumab and chemotherapy alone (143). There also exists successful phase III data for atezolizumab in combination with bevacizumab for unresectable hepatocellular carcinoma, which demonstrates a 42% reduction in risk of death and 41% reduction in progression when compared to the tyrosine kinase inhibitor sorafenib (144).

There are also a number of clinical trials that have combined immunotherapy and anti-angiogenic agents in GBM (Table 1). The recent appreciation of the profound effect that bevacizumab has on tumor biology has resulted in many newer clinical trials stratifying patients that have previously failed bevacizumab into a separate treatment arm than bevacizumab-naïve patients. Some trials evaluate the effectiveness of a certain therapy with and without bevacizumab. Despite the promise of combinatorial therapy, clinical trials for GBM are generally conservative in their approach, as evidenced by bevacizumab being the only anti-angiogenic agent that has so far been trialed with immunotherapy. Bevacizumab does have the theoretical advantage in indirectly promoting an immune response through the reduction in use of corticosteroids (149). But there have been no successful phase III trials yet in immune therapy and anti-VEGF combinatorial treatment for GBM. The two best studied combinations are immune checkpoint inhibitors with bevacizumab and vaccine-based therapies with bevacizumab. However, the development of new regimens will be necessary for future success.


Table 1 | Clinical trials for glioblastoma with combination immunotherapy and anti-angiogenic therapy.



Checkpoint inhibitors that have been tested with bevacizumab in clinical trials are monoclonal antibody inhibitors of PD-1 or PD-L1, including camrelizumab, bembrolizumab, durvalumab, and nivolumab. Two of these trials have completed phase II testing. In one study, pembrolizumab in combination with bevacizumab was ineffective in prolonging overall survival or progression free survival, and no tumor immune biomarkers that were collected (including tumor PD-L1 expression, tumor-infiltrating lymphocyte density, immune activation gene expression signature, and plasma cytokines) predicted outcomes (148). Interestingly, poor survival correlated with increased baseline dexamethasone use and increased posttherapy plasma VEGF, which should be carefully evaluated as potential markers in future combinatorial studies. In a second study, durvalumab in combination with bevacizumab and radiotherapy showed promise among a subgroup of patients with unmethylated MGMT tumors, however full results have yet to be posted (43). An intriguing study that is currently enrolling patients investigates the effect of retifanlimab, a PD-1 inhibitor, with or without epacadostat, an indoleamine 2,3-dioxygenase (IDO) inhibitor, in combination with bevacizumab and radiation in recurrent glioblastoma (150). IDO is an enzyme that catalyzes the rate limiting step of tryptophan (Trp) catabolism, converting Trp to kynurenine (Kyn). It has been demonstrated that Trp depletion and Kyn accumulation leads to immunosuppression by functional inhibition of CD8+ and NK cells, and functional stimulation regulatory T cells (151). The addition of epacadostat may result in a necessary reduction of the immunosuppressive milieu of GBM that enables efficacy of a PD-1 inhibitor with bevacizumab.

There are a number of vaccine therapies that have undergone clinical testing with bevacizumab, including TAA, HSP, and DC vaccines. Rindopepimut, an EGFRvIII-targeted vaccine that consists of a peptide with homology to EGFRvIII that is conjugated to keyhole limpet hemocyanin, is one promising agent that in combination with bevacizumab has completed phase II testing in patients with relapsed EGFRvIII-expressing GBM (145). Although there was a relatively small sample size of 36 patients in the experimental arm, these patients had an improved overall survival compared to control arm (hazard ratio of 0.53), and 33% of patients were able to discontinue steroids compared to 0% in control arm. Another vaccine in combination with bevacizumab that has reached phase II clinical trial is an autologous HSP, HSPPC-96, generated from patient resected tumors (146). However, the study was terminated after interim analysis surprisingly showed worse overall survival in experimental group compared to the control group, and complete results have not yet been published.

ERC1671 (gliovac) is an intriguing immunotherapy that has been tested in combination with bevacizumab, and it consists of autologous inactivated tumor cells lysate from the patient to be treated, inactivated tumor cells and lysate from three other GBM patients, cyclophosphamide to inhibit local immunosuppression, and GM-CSF as an adjuvant to enhance the immune response (147). Interim results show improved median overall survival of 12 months in ERC1671 plus bevacizumab arm, compared to 7.5 months in bevacizumab alone. Additionally, CD4+ T-lymphocyte counts correlated with overall survival. Full results are pending.

SL-701 is a vaccine therapy with adjuvants GM-CSF and imiquimod that has completed phase 2 testing. This vaccine is comprised of synthetic peptides designed to elicit an immune response against interleukin-13 receptor alpha-2, ephrinA2 and survivin (40). Although an initial report suggested a possible survival tail in refractory GBM patients, full data has not been released.

Table 2 includes the targeted therapies that have been combined with bevacizumab in clinical trials and which involve the selective inhibition of intercellular pathways that are partially implicated in immune signaling. Many of these have unfortunately resulted in disappointing trial results. VB-111’s effect on the immune system is discussed above. One promising agent is abemaciclib, a CDK 4/6 inhibitor, that induces a T-cell inflamed tumor microenvironment, and may also potentiate the effects of bevacizumab through reduction in metabolic invasiveness (154–156).


Table 2 | Clinical trials for glioblastoma with combination anti-angiogenic therapy and targeted inhibitors implicated in immunity.






Future Directions

Despite the failure so far in individual immunotherapies and anti-angiogenic therapies in GBM, translational experiments have recently shed new light on the crosstalk between the immune and vascular systems in GBM. One study demonstrated that successful treatment of combined anti-VEGFR2 and anti–PD-L1 in breast cancer and pancreatic cancer was correlated with the induction of high endothelial venules (HEV) that resulted in lymphocyte infiltration through activation of lymphotoxin β receptor (LTβR) signaling (157). While combinatorial therapy with anti-VEGFR2 and anti–PD-L1 showed no induction of HEV in a GBM line, LTβR agonists were then trialed which induced HEVs and enhanced function of CD8+ T cells in GBM (157). This study provides good mechanistic evidence of the utility of combinatory therapy, introduces a new therapeutic target, and underscores that possible biomarkers may exist for treatment response, which will likely lead to the further investigations to those factors that may predispose certain therapies to induce formation of HEV with subsequent lymphocyte infiltration. An intriguing report that utilizes the syngeneic GL261 glioma line demonstrates that anti-VEGF therapy in combination with a picornavirus vaccine (that expresses epitope OVA257–264 to enhance antigen specific CD8+ T-cell) resulted in a synergistic treatment response with prolonged overall survival and delayed disease progression compared to the additive individual effects of these therapies (158). Another intriguing report details a screen for immune mutations in response to anti-VEGF treatment in GL261 and KR158B murine glioma lines that revealed a dose-dependent upregulation of immunosuppressive regulatory T-cell genes in response to anti-VEGF (159). Subsequently, Anti-CD25 to eliminate regulatory T-Cells was injected prior to initiation of anti-VEGF therapy and resulted in improved overall survival compared to either therapy alone (159).

Future challenges include the development of new and rational combinations of treatments, utilization of biomarkers for improved allocation of patients to clinical trials with improved therapeutic monitoring, as well as the broadening of agents that target the vasculature in addition to bevacizumab. While it is likely that some strategies to reduce angiogenesis will also decrease immune cell access, optimal synergistic approaches will generate a robust anti-tumor immune response while simultaneously inhibiting vascular growth.



Conclusion

The GBM immune and vascular landscape is incredibly complex, and it is likely that a ‘magic bullet’ treatment does not exist. Indeed, a more attainable solution is a shift in perspective to view GBM as a chronic disease, in which combinations of therapies are used on multiple fronts to suppress tumor cell invasion, impair delivery of nutrients, and promote an anti-tumor immune response. Combining immunotherapy and antiangiogenic therapy has shown promise in preclinical models and subsets of real-world patients. Further understanding how these agents interact with one another as well as clinical validation of these results will be essential for further progress in GBM treatment.
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Gliomas are aggressive tumors in the central nervous system and glioblastoma is the most malignant type. Ferroptosis is a programmed cell death that can modulate tumor resistance to therapy and the components of tumor microenvironment. However, the relationship between ferroptosis, tumor immune landscape, and glioblastoma progression is still elusive. In this work, data from bulk RNA-seq analysis, single cell RNA-seq analysis, and our own data (the Xiangya cohort) are integrated to reveal their relationships. A scoring system is constructed according to ferroptosis related gene expression, and high scoring samples resistant to ferroptosis and show worse survival outcome than low scoring samples. Notably, most of the high scoring samples are aggressive glioblastoma subtype, mesenchymal, and classical, by calculating RNA velocity. Cross-talk between high scoring glioblastoma cells and immunocytes are explored by R package ‘celltalker’. Ligand–receptor pairs like the TRAIL or TWEAK signaling pathway are identified as novel bridges implying how ferroptosis modulate immunocytes’ function and shape tumor microenvironment. Critically, potential drugs target to high scoring samples are predicted, namely, SNX2112, AZ628, and bortezomib and five compounds from the CellMiner database. Taken together, ferroptosis associates with glioblastoma aggressiveness, cross-talk with immunocytes and offer novel chemotherapy strategy.
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Introduction

Gliomas are malignant tumors of the central nervous system (1). Histologically, gliomas can be classified into several groups, including astrocytic tumors, oligodendroglial tumors, oligoastrocytic tumors, ependymal tumors, mixed neuronal glial tumors (such as gangliogliomas), etc. WHO grade IV gliomas, also known as glioblastomas (GBMs), are the most aggressive type of gliomas with median overall survival time of GBM less than 14.6 months (2). Four subtypes of GBM (proneural, neural, classical, and mesenchymal) which were proposed by Verhhak and his team based on GBM genome characteristics have been proved that can predict GBM prognosis (3). Mesenchymal and classical GBM show more aggressive growth pattern, while proneural and neural GBM have better prognosis. Treatments like surgical removal, radiation therapy, and chemotherapy can slow tumor progression but tumor resistance to treatments is still a tough problem.

Ferroptosis is a novel form of programmed cell death along with iron accumulation, lipid hydro-peroxidation, and the change of mitochondria (3). Ferroptosis can be triggered by regulators like GPX4, system Xc−, and P53. GPX4 ensures the integrity of cell membrane by converting glutathione into an oxidized form and reducing lipid peroxides (3). System Xc−, composed of SLC7A11 and SLC3A2, is responsible for intaking the synthetic material of glutathione, and ferroptosis can be inhibited by suppressing system Xc− (4). P53 inhibits SLC7A11 and blocks the absorption of cysteine to inhibit ferroptosis activation (5). Therefore, the regulation of ferroptosis is complicated and refers to multiple regulators.

A previous study reported that ferroptosis regulators like GPX4 are associated with tumor progression and tumor sensitivity to treatments, such as hepatocellular carcinoma, renal cell carcinoma, breast cancer, prostate cancer, and bladder carcinoma (6–8). Apoptosis-inducing factor mitochondria-associated 2 can inhibit GPX4 deletion induced ferroptosis, and pharmacological targeting of FSP1 strongly synergizes with GPX4 inhibitors to trigger ferroptosis (9). Decreased ACSL6 expression is associated with worse survival outcome in acute myelogenous leukemia (10). The expression profile of TRFC, FTH1, and FTL is positively correlated with tumor pathological grade and affects tumor progression like renal cell carcinoma, head and neck squamous cell carcinoma, and breast cancer (7, 11). Moreover, tumor metastasis is associated with low expression levels of MAP1LC3A in colorectal cancer (12). Therefore, ferroptosis related genes are tightly connected with gliomas progression.

In this study, a prognostic scoring system based on ferroptosis related genes expression is constructed which can predict GBM patient’s clinical outcome according to the TCGA, CGGA, GEO database, and our own samples. Moreover, high scoring samples also associate with aggressive subtype of GBM, mesenchymal, and classical, by performing RNA velocity in single cell RNA seq analysis. Critically, high scoring GBM cells communicate with macrophages, dendritic cell, naïve T cell, and microglial more active relative to low scoring GBM cells. In general, a ferroptosis activation scoring system is proposed and it can be applied to evaluate the aggressiveness of GBM. Ligand–receptor pairs are also proposed based on this system which may assist in revealing novel relationship of tumor cells and immunocytes.



Materials and Methods


Data Preparation

mRNA sequence data of gliomas are download from TCGA (https://xenabrowser.net/). Samples from CGGA (http://www.cgga.org.cn/) and GEO (https://www.ncbi.nlm.nih.gov/geo/) database are set as validation cohort. There are 137 GBM and 508 LGG samples in the training cohort, 84 GBM and 142 LGG samples from the CGGA sequencing data (CGGA1), 108 GBM and 155 LGG samples from the CGGA microarray (CGGA2), and 124 GBM and 170 LGG samples from GEO dataset (GSE108474). The Verhaak subtype of GBM is predicted as previous work (13).

GBM samples from Xiangya cohort were collected as previously study state (14).

Data for single-cell seq RNA analysis are downloaded from the GEO database (GSE84465). Expression data is normalized with R packages ‘Seurat’ and ‘NormalizeData’. Top 5,000 highly variable genes are identified with R package ‘FingVariableGenes’. Neoplastic, OPC, and other cells are offered previously, and immunocytes are classified with R package ‘scCATCH’. The distribution of cells components is mapped with R package ‘UMAP’. Subtypes of neoplastic cells in the single-cell RNAseq analysis are reproduced as previous work (15).



Ferroptosis Activation Scoring Model

Forty-three ferroptosis related gene are selected according to previous research (16). Samples from the TCGA dataset are assigned to cluster1 or cluster2 based on ferroptosis related genes expression by performing the consensus clustering analysis.

Next, differential expression genes (DEGs) between cluster1 and cluster2 are identified with R package ‘limma’. The univariate Cox regression analysis and the elastic net regression analysis are employed to identify survival outcome associated genes. Ferroptosis activation score (FeAS) is calculated based on the principal components analysis:

	

The characteristics of cluster1 and cluster2 are learned with the support vector machine algorithm by R package ‘e1071’. Its sensitivity and specificity are evaluated with R package ‘caret’. Then, samples from CGGA1, CGGA2, and GSE108474 are grouped into cluster1 or cluster2. The FeAS model in the validation cohort is reproduced with a similar formula. The construction of the cluster model and the FeAS model is showed with schematic diagram (Figure 1A).




Figure 1 | The construction of the FeAS model. (A) Flow chart shows the construction of the FeAS model. (B) Ferroptosis related gene expression and corresponding clinical feature based on the clustering model was illustrated with heatmap. (C) Ferroptosis related gene expression and corresponding clinical feature based on the FeAS model was illustrated with heatmap. Survival analysis based on the FeAS model in the GBM cohort in TCGA database (D, P value = 0.0051), GSE108474 database (E, P value = 0.021), CGGA1 database (F, P value = 0.016) and the Xiangya cohort (G, P value = 0.013). (H) Prognostic efficiency ability comparison between the FeAS model and other three ferroptosis models by introducing ROC curve.






Overall Survival Outcome Prediction

Samples are grouped into high or low FeAS group according to the median value of FeAS. Overall survival difference between high and low FeAS group is predicted with the Kaplan–Meier algorithm. The receiver operation characteristic (ROC) curve and area under curve (AUC) are generated to compare prognostic ability within different models.


Biofunction Prediction

The GO/KEGG enrichment analysis based on the GSVA algorithm is performed with data from bulk RNA-seq analysis. Classic GO/KEGG analysis is performed in single cell RNA-seq analysis. The GSEA enrichment analysis is conducted based on DEGs between high and low FeAS group in the bulk RNA-seq analysis and single cell RNA-seq analysis.



GBM Immune Landscape

The ESTIMATE algorithm is employed to depict the infiltration ratio of immunocytes, stromal cells, and gliomas cells. Then, tumor microenvironment cells components are analyzed by introducing the CIBERSORT algorithm (17) and the xCell algorithm (18) as previously reported.

Previous work proposed six immune subsets (Wound healing, IFN-γ Dominant, Immunologically Quiet, Inflammatory, Lymphocyte Depleted. and TGF-β Dominant) (19). The same classification is reproduced in this work using R package ‘ImmuneSubtypeClassifier’.



RNA Velocity and Cells Communication

RNA velocity of tumor cells is calculated by package ‘velocity’ and ‘scVelo’ with python. Different state of GBM cells is mapped to show their internal transformation. Cross-talk between immunocytes and GBM cells is analyzed by R package ‘celltalker’, and differential ligand–receptor pairs are identified.



Transcription Factor Regulatory Network Construction and Cells Communication

RcisTarget database of human is downloaded from https://resources.aertslab.org/cistarget/ for transcription factor regulatory network construction. R package ‘SCENIC’ is introduced to construct the network (20). AUCell algorithm is applied to evaluate transcription factor activation, and regulon modules are identified according to connection specificity index.



Potential Sensitive Drug Prediction

The drug sensitive information and corresponding expression are obtained from PRISM Repurposing dataset (referred as ‘PRISM’ in the following text, https://depmap.org/portal/prism/) and Cancer Therapeutics Response Portal (referred as ‘CTRP v1’ and ‘CTRP v2’ in the following text, https://portals.broadinstitute.org/ctrp). Cells sensitivity to drugs is qualified as AUC value, and lower AUC value suggests higher sensitivity to potential drugs. The AUC of each sample in this study is calculated with R package ‘pRRophetic’ as previous work depicted (21).

Similar strategy was applied to data that downloaded from the CellMiner database (22). Approximately 50% growth-inhibitory level (GI50) is introduced to evaluate drug sensitivity, and lower GI50 represented higher drug sensitivity.



Statistical Analysis

The Wilcox rank sum test is conducted to examine the difference between two comparisons while ANOVA test is employed for multiple comparisons. Fisher’s precision probability test is used for R*C contingency table which contained samples of <5. The Spearman correlation is introduced to evaluate relationship between metric variable. Log-rank test is performed for the overall survival analysis. Wilcox rank sum test and spearman correlation are performed during potential sensitive drugs selection. All analyses are performed by R (version 3.6.2) or python.




Results


Ferroptosis Activation Associates With Gliomas’ Subtypes and Predicts Gliomas Patient’s Survival Outcome

Samples in the TCGA dataset are clustered into two groups, cluster1 and cluster2, by performing the consensus clustering analysis (Supplementary Figure 1A). The support vector machine algorithm is employed to reproduce the clustering model in the validation cohort. Then, heatmap reveals the connection between the clustering model, gliomas clinical features and ferroptosis related gene expression. High grade gliomas, namely, GBM, IDH wild type gliomas, and MGMT unmethylated gliomas are related to samples in cluster2. Critically, the expression of ferroptosis resistance related gene (such as GPX4, TFRC, FTH1, and FTL) is up-regulated while ferroptosis sensitive related gene (like AOLX12B, ACSL4, and AKRs) is decreased in cluster2 than cluster1 suggesting that samples in cluster2 may resistant to ferroptosis (Figure 1B). Similar results are also verified in the validation datasets (Supplementary Figures 1B–D). Therefore, samples in cluster2 may be resistant to ferroptosis.

Then, the prognostic ability of the clustering model is examined with the overall survival analysis (Supplementary Figure 2). Samples from cluster1 manifest better survival outcome than cluster2 in the LGGGBM cohort (p <0.0001) and the LGG (p <0.0001) cohort. However, no significant survival outcome difference is noticed in the GBM cohort (p = 0.079). In the validation cohort, significant survival outcome difference is observed in the LGGGBM cohort (CGGA1: p <0.0001; CGGA2: p = 0.0054; GSE108474: p <0.0001) and the LGG cohort (CGGA1: p <0.0001; CGGA2: p = 0.0055; GSE108474: p <0.0001) but not in the GBM cohort (CGGA1: p = 0.12; CGGA2: p = 0.69; GSE108474: p = 0.29). Therefore, the clustering model indicates that the activation of ferroptosis is different between LGG and GBM, and ferroptosis sensitive samples exhibit longer survival time tendency.



The FeAS Model Exhibits Great Prognostic Prediction Ability

In order to improve the accuracy of prognosis prediction ability of the clustering model, the FeAS model is further constructed with DEGs between cluster1 and cluster2 (Supplementary Figure 3A). The elastic net regression analysis is introduced to identify main contributors of the FeAS model (Supplementary Figures 3B, C) and FeAS of each sample is calculated. The distribution of FeAS of samples and corresponding clinical features, ferroptosis related gene expression is introduced by heatmap in the TCGA dataset (Figure 1C) and validation cohort (Supplementary Figures 3D, E). Ferroptosis resistance related gene are also preferential expressed in high FeAS GBM samples. High FeAS GBM samples are also associated with malignancy clinical features (like wildtype IDH gliomas, non-codel 1p19q gliomas, and unmethylated MGMT gliomas).

Overall survival analysis suggests that high FeAS samples show shorter median overall survival time than low FeAS samples in the LGGGBM and LGG cohort (Supplementary Figure 4). Critically, high FeAS samples show worse survival outcome than low FeAS samples in the GBM cohort from the TCGA (P value = 0.01; Figure 1D), GSE108474 (P value = 0.021; Figure 1E), CGGA1 (P value = 0.0098; Figure 1F) and Xiangya cohort (P value = 0.0013; Figure 1G).

Comparing with previous public prognostic models based on ferroptosis related gene, the FeAS model (AUC: 0.94) shows the highest accuracy in predicting patient’s survival outcome than other three models [FPI from work of Z. Liu et al., and the AUC value is 0.57 (8); signature from work of H. Liu et al., and the AUC value is 0.81 (23)]. Moreover, the AUC value of the FeAS model is also higher that the clustering model (AUC: 0.82) and gliomas pathological grades (AUC: 0.84) (Figure 1H). Taken together, the FeAS model exhibits the highest accuracy in predicting gliomas’ clinical outcome than other three models, and it can be applied to predict GBM prognosis. Therefore, we focus on exploring the role of ferroptosis in GBM based on the FeAS model.



High FeAS Glioblastoma Are More Aggressive Than Low FeAS Glioblastoma

Next, we investigated the relationship between FeAS and the Verhaak GBM subtype. Previous work reported that mesenchymal and classical are two aggressive GBM subtypes than proneural. In this work, we notice that high FeAS GBM are more likely to be defined as mesenchymal or classical GBM in both training and validation cohort (Figure 2A). Another study based on single cell RNA-seq analysis revealed the tumor cells genomic characteristic in different GBM subtype, and mesenchymal GBM and MES-like cells shared similar genomic characteristic (15). Therefore, we explored the association between FeAS and GBM cells’ genomic characteristic by introducing single cell RNA-seq analysis.




Figure 2 | Association between ferroptosis and GBM aggressiveness. (A) Distribution of FeAS in GBM subtypes according to bulk RNA-seq analysis in the TCGA, CGGA1, and GSE108474 database. (B) Distribution of FeAS in single cell RNA-seq analysis. (C) The subtype of GBM cells in the FeAS model. (D) RNA velocity illustrated by pseudo-time analysis indicating GBM cells aggressiveness difference. (E) Integration of RNA velocity and the subtype of GBM cells. (F) Integration of RNA velocity and FeAS of GBM cells. CL, classical; MES, mesenchymal; PN, proneural. NS, no significant; **P < 0.01; ***P < 0.001.



Cells’ identity is identified by their biomarkers and the distribution of those cells is mapped by R package ‘UMAP’ (Supplementary Figures 5A, B). FeAS of each cell is calculated according to the formula (Supplementary Figure 5C), and tumor cells show higher FeAS than other cells implying dysregulated ferroptosis in tumor cells (Figure 2B).

The relationship between GBM cells’ genomic character and FeAS suggested that high FeAS group contains more MES-like cells while other subtype cells enrich in low FeAS group (Figure 2C). RNA velocity was calculated in previous study to evaluate the abundance of unspliced and spliced RNA in cells which can reflect cell evolution pathway. The RNA velocity of GBM cells is calculated and a clear evolution pathway is mapped (Figure 2D and Supplementary Figure 5D). MES-like cells mostly locate at the end of the differentiation pathway while OPC-like and NPC-like cells are enriched at the apex (Figure 2E). Critically, a lineage from low FeAS GBM cells to high FeAS GBM cells is also traced (Figure 2F), and this lineage is similar with the differentiation pathway of GBM cells’ subtype. Taken together, high FeAS GBM cells represent more aggressive GBM cells subtype than low FeAS GBM cells. Together, ferroptosis is dysregulated in tumor cells and its activation highly associates with the subtype of GBM cells.



Transcription Factor Differentially Activated in High and Low FeAS Glioblastoma

Next, we look into the activation of transcription factor in high and low FeAS GBM cells (Figure 3A). Considering transcription factors regulate certain gene expression mutually, we cluster different modules (M1, M2, M3, M4, M5) based on that. Each module represents a bunch of transcription factors which may cooperate with each other. Regulon activity scores (RAS) of each module is calculated based on Connection Specificity Index according to previous work (24). RNA velocity is also performed to map the relationship between those modules and the scoring system. It seems that high RAS of M1 exists in both high and low FeAS group (Figure 3B). In the meantime, RAS of M2 (Figure 3C) is positive correlated with FeAS, while RAS of M3 and M5 (Figure 3F) are negative correlated with FeAS (Figure 3D). There is no significant distribution difference in RAS of M4 between high and low FeAS group (Figure 3E).




Figure 3 | Transcription factor activation difference between high and low FeAS GBM cells. (A) GBM cells can be grouped in five modules according to the cooperation of different transcription factors. (B–F) Potential relationship between the scoring system and those modules based on RNA velocity. (G) Top 10 differential activated transcription factor in high and low FeAS samples respectively.



Next, we select the top 10 transcription factors from high (KLF6_extended from M1, MYC from M4, FOSL1 from M1, EPAS1 from M3, NFIC_extended from M2, FOSL2 from M1, CEBPB from M3, POLE4_extended from M3, BCL3 from M3, and ZBTB7A_extended from M3) and low (ZBTB33 from M1, SP2 from M5, SOX4 from M2, SOX9 from M2, ZNF91_extended from M2, UBTF_extended from M2, THAP1_extended from M2, GABPA from M1, ZMIZ1_extended from M2, and NFYB from M5) FeAS group for further analysis (Figure 3G). Their expression is about mapped in high and low FeAS group (Supplementary Figure 6).

Thus, we perform GO and KEGG enrichment analysis based on those transcription factors. In high FeAS GBM cells, we selected MYC (Supplementary Figure 7A), KLF6_extend (Supplementary Figure 7B), FOSL1 (Supplementary Figure 7C) and FOSL2 (Supplementary Figure 7D) as a representative. Pathways related to cell adhesion like extracellular matrix binding, cell adhesion molecule binding, cadherin binding involved in cell-cell adhesion, extracellular matrix structural constituent, collagen binding, ECM-receptor interaction, and focal adhesion were preferentially activated in high FeAS GBM cells which may explain their aggressiveness.

On the other hand, SP2 (Supplementary Figure 8A), ZBTB33 (Supplementary Figure 8B), ZNF91_extended (Supplementary Figure 8C), SOX4 (Supplementary Figure 8D), and SOX9 (Supplementary Figure 8E) are marked as biomarkers of low FeAS GBM cells, and higher enrichment of pathways like DNA replication, ubiquitination modification is identified. For instance, DNA replication origin binding, cell cycle, ubiquitin protein ligase binding, histone binding, DNA-binding transcription repressor activity, RNA transport, mRNA surveillance pathway, protein phosphatase 1 binding, and AMPK signaling pathway are enriched in those cells.



Immune Related Pathways Selectively Activate in High FeAS Glioblastoma

In the cluster model, GO and KEGG enrichment analysis based on GSEA analysis suggested that immunocytes related pathways, like IL6 associated pathway, macrophage related pathways, JAK-STAT signaling pathway, and TNF signaling pathway are preferentially activated in cluster2 samples than cluster1 samples (Supplementary Figures 9A, B). Results suggested immunogencity is different between cluster1 and cluster2 samples. Therefore, we further explored those results in the FeAS scoring system.

The GO enrichment analysis based on the GSVA analysis on GBM samples from TCGA database suggests that high FeAS GBM samples are associated with the activation of immune related pathways (Figure 4A). For instance, positive regulation of production of molecular mediator of immune response, T cell related pathways, regulation of interleukin 6 mediated signaling pathway, immunological synapse formation, and positive regulation of natural killer cell mediated immune response to tumor cell. In the meantime, MAPK signaling pathway, antigen processing and presentation, natural killer cell mediated cytotoxicity, apoptosis and RIG I like receptor signaling pathway are activated in high FeAS GBM samples according to the KEGG enrichment analysis (Figure 4B). By verifying the GO/KEGG enrichment analysis with the single cell RNA-seq analysis, similar conclusion can be obtained. Activation of antigen processing and presentation of peptide antigen, regulation of natural killer cell activation, response to oxidative stress, T cell related pathways, fatty acid metabolic process are higher in high FeAS GBM cells according to the GO enrichment analysis (Figure 4C); while pathways like MAPK signaling pathway, mTOR signaling pathway, TGF-β signaling pathway, B cell receptor signaling pathway, PD-L1 expression, and PD-1 checkpoint pathway in cancer are activated in high FeAS GBM cells by conducting the KEGG enrichment analysis (Figure 4D).




Figure 4 | Biofunction analysis based on bulk RNA-seq analysis and single cell RNA-seq analysis in GBM. (A) GO enrichment analysis based on the GSVA algorithm in bulk RNA-seq analysis. (B) KEGG enrichment analysis based on the GSVA algorithm in bulk RNA-seq analysis. (C) GO enrichment analysis based on differential expression genes between high and low FeAS samples in single cell RNA-seq analysis. (D) KEGG enrichment analysis based on differential expression genes between high and low FeAS samples in single cell RNA-seq analysis. GSEA enrichment analysis based on bulk RNA-seq analysis (E) and single cell RNA-seq analysis (F).



The GSEA analysis based on bulk RNA-seq analysis and single cell RNA-seq analysis are also employed (Figures 4E, F). Results from bulk RNA-seq analysis suggests that pathways like natural killer cell proliferation, negative regulation of interleukin-6 mediated signaling pathway, positive regulation of macrophage differentiation in high FeAS GBM samples; and pathways like positive regulation of glutamate secretion, regulation of glutamate receptor signaling pathway are activated in low FeAS GBM samples. In the single cell RNA-seq analysis, inflammatory cell apoptotic process, macrophage related pathways, natural killer cell chemotaxis, microglial cell and T cell activation are higher enriched in high FeAS GBM cells. Therefore, the immune landscape may different between high and low FeAS GBM samples, and which may also contribute to the variety clinical outcome.



FeAS of Glioblastoma Influence Macrophage, Dendritic Cells, NK Cells and T Cells Enrichment

Next, we explore the connection between tumor immune landscape and the scoring system according to an immune subtype which is proposed by previous work (19). GBM samples mostly consist of Lymphocytes Depleted subtype while Lymphocytes Depleted subtype and Immunogenetic Quiet subtype were dominate subtypes in LGG samples. Similar composition can also be noticed in our work (Supplementary Tables 1, 2 and Supplementary Figure 10). It also suggested that Lymphocytes Depleted subtype manifested worse survival outcome relative to Immunologically Quiet subtype. Similarly, low scoring samples is associated with Immunologically Quiet subtype, and shows better prognosis comparing with high scoring samples in TCGA (Supplementary Figure 10A), CGGA1 (Supplementary Figure 10B), and GSE108474 database (Supplementary Figure 10C).

But what interesting is that the proportion of Lymphocytes Depleted subtype in low scoring samples sharply increases to the same level as high scoring samples when only analyze GBM samples (Supplementary Table 2 and Supplementary Figures 10D–F) implying another unveiled mechanism which may contribute to their prognosis difference. In the meantime, Immunogenicity Quiet subtype nearly vanished in all GBM samples. Since Lymphocyte Depleted subtype was labeled as samples with prominent macrophage signature, Th1 suppressed and high M2 macrophage response, it is vital to analyze the immunocytes infiltration difference.

First, ESTIMATE algorithm is introduced to offer an overview of immune landscape of GBM samples. The map of immune landscape shows that high FeAS positively correlates with ESTIMATE score, immune score and stromal score; and negatively correlates with tumor purity in the GBM cohort from TCGA (Figure 5A), CGGA1 database, and Xiangya (Supplementary Figures 11A, B). Thus, more immunocytes and stromal cells are infiltrated in high FeAS GBM samples.




Figure 5 | Tumor immune landscape based on bulk RNA-seq analysis in TCGA database. (A) Correlation of ESTIMATE score, stromal score, immune score and tumor purity with FeAS. Immunocytes infiltration ratio in high and low FeAS samples according to CIBERSORT algorithm (B) and xCell algorithm (C). NS, no significant. *P < 0.05; **P < 0.01; ***P < 0.001.



Then, CIBERSORT algorithm and xCell algorithm are conducted on GBM samples to qualify immunocytes infiltration. The former algorithm suggests that higher M2 macrophage, activated memory CD4+ T cells and activated NK cells in low FeAS GBM samples in TCGA database (Figure 5B); more M0 macrophage and resting memory CD4+ T cells in high FeAS GBM samples in CGGA1 database (Supplementary Figure 11C); and M0 macrophage and plasma cells in high FeAS samples in Xiangya cohort. As for low FeAS GBM cells, high filtration ratio of monocytes are noticed in low FeAS samples from Xiangya cohort (Supplementary Figure 11D). Similar component can also be noticed in analysis based on the cluster model (Supplementary Figures 9C–H).

The latter algorithm shows that higher infiltration ratio of M1 macrophage and immature dendritic cell (iDC) in high FeAS samples; and natural killer cells and Th1 cells are enriched in low FeAS samples in TCGA database (Figure 5C). Similar conclusion can also be obtained in the validation cohort (Supplementary Figures 11E, F). Even if most of samples, no matter they come from high or low FeAS group, are categorized as Lymphocytes Depleted subtype, diversity on macrophage signature is still existed. For instance, high and low FeAS GBM share similar M2 macrophage infiltration ratio, but higher M1 macrophage and higher Th1 cells are found in high and low FeAS GBM samples respectively. Lower Th1 cells in high FeAS GBM imply much severe immunosuppressive microenvironment. Taken together, infiltration of macrophage, T cells, dendritic cells and NK cells in tumor microenvironment is altered according to FeAS. More importantly, the microenvironment of high FeAS GBM samples possessed is suppressed more than low FeAS samples.



Novel Ligand–Receptors Pairs Between Immunocytes and High FeAS Glioblastoma Cells

Although most GBM samples are grouped as Lymphocytes Depleted subtype, immunocytes infiltration ratio still manifest slightly difference between high and low FeAS GBM samples. Therefore, we investigated the communications between immunocytes and GBM cells with the single cell RNA-seq analysis. As illustrated, high FeAS GBM cells communicate with macrophage, naïve T cell, microglial cell, and dendritic cell actively. Different roles of cells act in cells communication are introduced in previous research (25, 26). In our work, high FeAS cells can receive signal from naïve T cell, macrophage, dendritic cell through PARs signaling pathway (PRSS3-F2R, Figure 6A), TWEAK signaling pathway (TNFSF12-TNFRSF12A, Figure 6B), ncWNT signaling pathway (WNTSA-FZD3, Figure 6C), RESISTIN signaling pathway (RETN-CAP1, Figure 6D), VISFATIN signaling pathway (NAMPT-(ITGA5+ITGB1), Figure 6E), TRAIL signaling pathway (TNFSF10-TNFRSF10B, Figure 6F), SPP1 signaling pathway (SPP1-CD44, Supplementary Figure 12A) and VEGF signaling pathway (VEGFB-VEGFR1, Supplementary Figure 12B). Additionally, high FeAS GBM cells can also send signal to those cells by PROS signaling pathway (PROS1-AXL, Supplementary Figure 12C), LT signaling pathway (LTA-TNFRSF1B, Supplementary Figure 12D), ANNEXIN signaling pathway (ANXA1-FPR1, Supplementary Figure 12E) and MIF signaling pathway (MIF-(CD74+CXCR4), Supplementary Figure 12F). In summary, high FeAS GBM cells communicate with macrophage, microglial, naïve T cell and dendritic cell more active by comparing with low FeAS GBM cells which may explain the immune landscape difference.




Figure 6 | Novel ligand–receptor pairs difference between high and low FeAS samples. (A) High FeAS cells communicate with macrophage, naïve T cell, and dendritic cells through PRSS3-F2R. (B) High FeAS cells communicate with naïve T cell and plasmacytoid dendritic cell through TNFSF12-TNFSF12A. (C) High FeAS cells communicate with plasmacytoid dendritic cell through WNTSA-FZD3. (D) High FeAS cells communicate with plasmacytoid dendritic cell through RETN-CAP1. (E) High FeAS cells communicate with macrophage, naïve T cell and T cells through NAMPT-(ITGA5+ITGB1). (F) High FeAS cells communicate with macrophage, microglial cell, naïve T cell, T cells and plasmacytoid dendritic cell through TNFSF10-TNFRSF10B.





Potential Targeted Drugs for High FeAS Glioblastoma Cells

Potential sensitive drugs are predicted base on the expression data and drug sensitive data from the PRISM and CTRP database, and overlapped drugs are filtered out (Figure 7A). Lower AUC value represents higher sensitivity to drugs. Top differential AUC value between high and low FeAS GBM samples, and Spearman’s correlation with FeAS >0.3 are set as threshold for compounds selection (Figure 7B). Spearman correlation is introduced in Figure 7C, and the distribution of each drug’s AUC is mapped in Figure 6D. CGM097, AMG-232, AMG-208, GDC-0152, and CCT128930 are identified from the PRISM database; SNX-2112, AZ628, and bortezomib are filtered out from CTRP v1 database. No potential compounds are found in CTRP v2 database.




Figure 7 | Potential targeted drugs according to the FeAS model. (A) Venn chart shows the number of drugs in PRISM dataset and two CTRP database. (B) Flow chart illustrates the potential compounds based on the FeAS model. (C) Correlation between the AUC value of potential drugs and the FeAS of each sample. (D) Distribution of the AUC value of potential drugs in the FeAS model. (E) Correlation between GI50 and FeAS. (F) The distribution of GI50 of each compound based on the FeAS model. *P < 0.05; **P < 0.01; ***P < 0.001.



Moreover, drug sensitivity from the CellMiner database is also predicted base on the FeAS model with similar strategy. NSC663287, NSC737262, NSC659288, landomycin E, and LS-41225 are identified as high FeAS samples sensitive drugs (Figures 7E, F). Therefore, low FeAS samples are supposed to sensitive to those compounds, and those compounds may novel options for future GBM treatments.




Discussion

Ferroptosis is recognized as programmed cell death and characterized with features like lipid hydro-peroxidation, iron accumulation. Recent studies proposed that ferroptosis is widely involved in tumor progression and responsible for tumor resistance to chemo- and radio-therapy (27, 28). For instance, activated ferroptosis inhibited head and neck carcinoma (29) and triple-negative breast cancer progression (30). In our work, high sensitivity prognostic model, the FeAS model, is proposed based on ferroptosis related genes expression. This model shows higher accuracy in predicting gliomas patient’s prognosis, especially in GBM, implying its wide application. Previous studies also reported that ferroptosis is associated with gliomas progression, growth and resistance to temozolomide, standard chemotherapeutic drug for gliomas (23, 31). Therefore, ferroptosis in gliomas, especially in GBM, progression still require more attention.

The Verhaak classification of GBM (including mesenchymal, classical, proneural, and neural) (3) and its updated version (neural GBM was discarded due to the contamination of normal brain tissue) (13) were proposed in recent years, and this classification can predict gliomas prognosis precisely. Mesenchymal GBM is viewed as the most aggressive subtype in the Verhaak classification than other subtypes. In our work, we discover that high FeAS GBM are more likely be defined as mesenchymal or classical subtype. To step further, single cell RNA-seq analysis subdivided GBM cells into four groups (MES-like, AC-like, OPC-like and NPC-like) (15). The mesenchymal GBM usually contains more MES-like cells. High FeAS GBM cells are tended to be grouped as MES-like cells after reproducing this classification. Therefore, the FeAS system can also evaluate the aggressiveness of GBM.

The transition of GBM subtype, the proneural–mesenchymal transition, during GBM progression is believed that involve in GBM recurrence and resistance to treatment. Following researches on this transition revealed that mesenchymal GBM showed more aggressive growth pattern and resistant to cancer treatment than other subtypes, and cells component also altered during this transition. We further confirm this cells component transition by integrating RNA velocity and single GBM cells classification. Critically, we also notice a pathway from low FeAS to high FeAS align to this transition. Since ferroptosis resistant related genes are up-regulated in high FeAS samples, it may be possible to reverse this transition by improving cells sensitivity to ferroptosis.

RAS of those modules suggest that M2, M3, and M5 are activated in high FeAS group, and M1 is activated in both high and low FeAS group according to their RNA velocity. As for M4, there is no significant difference between high and low FeAS group. Together, those results suggest that M3 and M5 may be activated in aggressive subtypes, M1 and M4 are activated in both aggressive and non-aggressive subtypes.

However, the role M2 is more complicated. According to the top 10 transcription factor from high and low FeAS group, more transcription factors from M2 are identified in low FeAS group than high FeAS group. In the meantime, several researches reported that SOX4 can inhibit GBM cells proliferation by inducing cells to exit cell cycle (32) while SOX9 promotes GBM progression (33). Therefore, it is complicated to assume that if M2 is only activated in aggressive/non-aggressive subtypes or mediates the subtype transition.

Immune subtype based on previous study is performed, and Lymphocyte Depleted subtype is identified as prominent type either in high or low FeAS GBM samples. The characteristics of this subtype are high macrophage signatures, high M2 macrophage and low Th1 cells infiltration, and worst prognosis comparing with other six subtypes according to previous research (19). Interestingly, high and low FeAS GBM samples still manifest significant prognosis difference in spite of their similar composition which implies an unrevealed mechanism. Considering that results from biofunction prediction suggests immune relate pathways are activated in high FeAS samples. Immunocytes infiltration is further analyzed. Macrophage, NK cells, Th1 cells and dendritic cells show differentially infiltration ratio between high and low FeAS GBM, which can also be verified in the validation cohort. Higher level of M0 and M1 macrophage is noticed in high FeAS GBM samples than low FeAS GBM samples but there is no difference on M2 macrophage. Correspondingly, the ratio of NK cells and dendritic cells also altered which may associate with GBM cells response to ferroptosis.

Then, we predict multiple potential ligand–receptor pairs between GBM cells and immunocytes and endeavor to explore their potential mechanism. Some of them have already been reported. For instance, the roles of PROS1-AXL (34), LAT-TNFRSF1B (35), ANXA1-FPR1 (36, 37), MIF-CD74 (38–40), SPP1-CD44 (41), VEGFB-VEGFR (42), IL6-IL6R (43), and OSM-OSMR (44) have been confirmed in macrophage activation in GBM. Additionally, more novel combinations are first proposed in this work, including TRAIL signaling pathway (TNFSF10-TNFRSF10B), TWEAK signaling pathway (TNFSF12-TNFRSF12A), VISFATIN signaling pathway (NAMPT-(ITGA5+OTGB1)), ncWNT signaling pathway (WNTSA-FZD3), PARs signaling pathway (PRSS3-F2R), and RESISTIN signaling pathway (RETN-CAP1). Their roles in mediating immune response and affecting immunocytes have been proved in other areas but their connection with GBM is elusive. The recent study reported that immunotherapy-activated CD8 positive T cells affected gliomas immunotherapeutic response by inducing ferroptosis (45). Moreover, triggering ferroptosis activation inhibited gliomas progression (46) and reversed gliomas resistance to temozolomide (47). Taken together, ferroptosis may bridge GBM and immunocytes infiltration to affect GBM progression.

Potential targeted drugs for high FeAS samples are predicted.CGM097 (48) and AMG-232 (49), inhibitor of MDM2, can bind to TP53 to affect GBM progression. Bortezomib improves GBM sensitivity to temozolomide (50) and NK cell cytotoxicity (51). CCT128930 can inhibit GBM cell line, U87MG, progression through inhibiting Akt2 (52) but further examination is required. AMG-208, inhibitor of c-MET, was once considered as novel aspects for treating GBM but no further updating (53). Moreover, two drugs, SNX2112 (54, 55) and AZ628 (56, 57), have been proved that can inhibit tumor progression through inducing apoptosis and MAPK signaling pathway. However, their association with GBM progression or ferroptosis are still unknown.

In this study, we established a scoring model based on ferroptosis related gene in glioblastoma samples. High FeAS samples show more aggressive growth pattern and worse clinical outcome than low FeAS samples. Tumor cells with different FeAS communicate with immunocytes is also distinct implying that ferroptosis activation may modulate immunocytes function. We assumed that by targeting to high FeAS samples may improve patient’s prognosis, and novel potential compounds was also predicted by performing machine learning algorithm. In summary, the FeAS model can evaluate glioblastoma aggressiveness, modulate cross-talk with immunocytes and offer suggestion to chemotherapy.
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CD8+ T cells are the key effector cells that contribute to the antitumor immune response. They comprise various T-cell clones with diverse antigen-specific T-cell receptors (TCRs). Thus, elucidating the overall antitumor responses of diverse T-cell clones is an emerging challenge in tumor immunology. With the recent advancement in next-generation DNA sequencers, comprehensive analysis of the collection of TCR genes (TCR repertoire analysis) is feasible and has been used to investigate the clonal responses of antitumor T cells. However, the immunopathological significance of TCR repertoire indices is still undefined. In this review, we introduce two approaches that facilitate an immunological interpretation of the TCR repertoire data: inter-organ clone tracking analysis and single-cell TCR sequencing. These approaches for TCR repertoire analysis will provide a more accurate understanding of the response of tumor-specific T cells in the tumor microenvironment.
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Introduction

Each T cell has a unique antigen receptor (T-cell receptor; TCR). TCR is composed of alpha and beta chains, whose specificity is determined by the gene rearrangement that occurs in the thymus. T cells specifically recognize their cognate antigens via the TCRs and are activated. These activated T cells proliferate in the periphery, eliciting responses against the corresponding antigen, including cancer antigens. Conventional preclinical and clinical studies on antitumor T-cell responses have analyzed a limited number of tumor-specific T-cell clones using TCR transgenic mice (1) or peptide-major histocompatibility complex multimer technology (2). However, it is becoming increasingly clear that antitumor T-cell responses are driven by a wide variety of T-cell clones (3, 4).

The collection of TCRs in vivo, termed as the TCR repertoire, is considered to be a new indicator to evaluate T-cell responses based on antigen specificity. Recent advances in next-generation sequencing (NGS) technology have enabled TCR sequencing (TCRseq), which allows a comprehensive determination of the TCR sequences in individuals (5). TCR repertoire analysis is currently being used for studies in various medical fields, including infectious diseases (6), transplantation immunity (7), and tumor immunity (8). In this review, we provide an overview of the TCRseq methods, and summarize the findings and limitations of current TCR repertoire analysis in the field of cancer immunotherapy. Additionally, we introduce two novel approaches in TCR repertoire analysis that facilitate the immunological interpretation of TCR repertoire data: inter-organ clone tracking analysis, which identifies and analyzes T-cell clones present in the tumor and other tissues, and single-cell (sc) TCRseq, which identifies TCR sequences and their gene expression profiles at a single cell resolution.



Overview of TCR Sequencing Methods

TCRs are produced through rearrangement of the variable (V), diversity (D), joining (J), and constant (C) gene segments as well as insertions and deletions, resulting in a vast diversity (9). In TCRseq, the TCR gene, including complementary determining region 3 (CDR3), which is the most variable region in the TCR and a significant contributor to antigen specificity, is amplified and then sequenced by NGS. There are several TCRseq methods, which can be classified based on (i) whether genomic DNA (gDNA) or messenger RNA (mRNA) is used as a template, and (ii) whether multiple V region-specific primers are used to amplify the TCR sequence (multiplex PCR) or universal primers for the adapter sequence are used (5′ rapid amplification of cDNA ends [RACE]) (10) (Figure 1A). Because each method has its advantages and disadvantages (Table 1) (11, 12), it is preferable to adopt the most appropriate TCRseq method for a given research purpose based on these characteristics. In addition, the impact of each TCRseq method on the repertoire data should be considered when comparing TCR repertoire data obtained by different methods.




Figure 1 | Summary of TCRseq and TCR repertoire analysis. (A) Exemplary workflow of TCR library preparation methods. Genomic (g) DNA-based methods use a primer set designed to cover all V or J regions. Multiplex PCR is used to amplify CDR3 generated by V(D)J recombination. In the messenger (m)RNA-based method, an adaptor sequence is attached to the 5′ end of mRNA in the reverse transcription reaction. Then, TCR cDNA containing CDR3 is amplified using primers targeting the C region and adaptor sequence. (B) Output of primary analysis: table of T-cell clones with their frequency, CDR3 sequence, and usage of V, D, and J gene segments. (C) Output of secondary analysis. (left) Pie chart of the frequencies of top1–5 clones (outer layer) and total frequencies of top20%, 20–40%, 40–60%, 60–80%, and <80% of clones (inner layer). (right) Circos plot representing the proportion of each combination of V-J segment usage. The widths of the ribbons connecting V (upper side) and J (lower side) segments correspond to the total frequency of clones with the given combination of V-J segment usage.




Table 1 | Classifications of TCRseq methods and their characteristics.



TCR sequences obtained by NGS are aligned to reference sequences of the V, D, and J regions and then assembled into T-cell clones that share the same CDR3 sequence. Algorithms, such as IgBLAST (13), IMGT/HighV-QUEST (14), MiXCR (15), and RTCR (16) are used to analyze TCR sequence data (Table 2). The results are presented in a table summarizing all detected T-cell clones and their frequencies (primary analysis, Figure 1B). Based on this clone table, the characteristics of TCR repertoires, including diversity (i.e., the number of T-cell clones present in the repertoire) and clonality (i.e., the extent to which specific T-cell clones are expanded in the repertoire), can be evaluated (secondary analysis, Figure 1C).


Table 2 | Computational tools for TCR-seq data analysis.





TCR Repertoire Analysis in Tumor Immunology: Achievements and Challenges

As cancer immunotherapies, such as anti-CTLA4 antibody and PD-1 inhibitor therapies, are applied to a wide range of cancer types, biomarkers that can predict treatment responders are urgently required (19). Treatment responses are reportedly associated with the level of PD-L1 expression in the tumor (20) and the mismatch repair deficiency (MMRd) of the tumor (21, 22), which are tumor-related factors. However, predictive biomarkers reflecting the patient’s immune status have not been established to date. TCR repertoire has been suggested as a candidate. The association between TCR repertoires and therapeutic effects in patients receiving cancer immunotherapy was reported around 2014, as summarized in Table 3. A clinical study on anti-PD-1 antibody therapy in melanoma patients showed that the clonality of the TCR repertoire in the tumor before treatment was higher in responders than in non-responders (23–26). Similarly, the total frequency of the top 1% clones in tumor repertoire was greater in responders than in non-responders in studies on neoadjuvant immunotherapy in patients with non-small cell lung cancer (NSCLC) (27, 28). Furthermore, responders showed more T-cell clones with increased frequency (23) and increased clonality of the T-cell repertoire (29) in the tumor after treatment. These results suggest that the clonality of the TCR repertoire in the tumor may reflect and predict the therapeutic effect of cancer immunotherapy. However, CD4+ and CD8+ tumor-infiltrating lymphocytes (TILs) were not separated prior to TCRseq in these studies. Considering that CD8+ TILs generally exhibit higher clonality than CD4+ (35, 36), the higher clonality of the total TIL repertoire may simply reflect a higher proportion of CD8+ cells (37).


Table 3 | Previous studies analyzing the association between repertoire clonality/diversity and clinical responses.



As blood sampling is less invasive than a tumor biopsy, peripheral blood samples are suitable for long-term immune monitoring of patients with cancer. Cha et al. reported that responders among prostate cancer and melanoma patients treated with anti-CTLA4 antibody had fewer contracted T-cell clones in the peripheral blood after treatment (30). Fairfax et al. found that responders among melanoma patients treated with anti-PD-1 antibody alone or in combination with anti-CTLA4 antibody had higher numbers of expanded CD8+ T-cell clones in their peripheral blood (31). A similar trend has been reported in a cohort of renal cell carcinoma patients treated with anti-PD-1 antibodies (32). In contrast, responders among NSCLC patients showed decreased clonality and increased diversity in peripheral blood TCR repertoires after treatment (33, 34). Therefore, there is currently no consensus on the characteristics of peripheral blood TCR repertoires associated with therapeutic responses. This is because the diversity and clonality of the TCR repertoire vary greatly among individuals and the peripheral blood comprises a large fraction of T-cell clones that are not related to the antitumor immune response.

Despite these issues, the diversity and clonality of the TCR repertoire are becoming recognized as factors associated with prognosis and/or therapeutic effects. However, the immunopathological significance of these TCR repertoire indices is still undefined because clonality or diversity as determined by TCR repertoire analysis does not consider the immunological features of individual T-cell clones. In other words, whether a clone is CD8+ or CD4+, tumor-reactive or bystander, effector or exhausted, is ignored, and only the frequency distribution of clones is analyzed. Therefore, we introduce two approaches in TCR repertoire analysis to support the immunological interpretation of TCR repertoire data. The first approach is inter-organ clone tracking analysis, in which T-cell clones in the tumor are tracked in the blood and/or draining lymph node (dLN). The second is single-cell (sc) TCRseq, in which gene expression profile is integrated into individual T-cell clones.



TCR Repertoire Analysis Based on Inter-Organ Overlapping Clones

Tumor-reactive T cells are activated and proliferate after antigen presentation in lymph nodes where cancer antigens enter (i.e., dLNs) and then infiltrate into the tumor tissue via the peripheral blood (Cancer Immunity Cycle: 38). Therefore, T-cell clones detected in both the tumor and the dLNs (dLN-tumor overlapping repertoire) represent tumor-reactive clones that are mobilized for the antitumor T-cell response (Figure 2A). Thus, an increase in overlapping clones is considered to be associated with enhanced priming of tumor-reactive clones and stronger antitumor effects (Figure 2B). In the peripheral blood, there exist many T-cell clones that are unrelated to the antitumor response. Hence, the TCR repertoire in the peripheral blood that overlaps with that in the tumor (peripheral blood-tumor overlapping repertoire) is expected to be enriched in tumor-reactive T-cell clones. Therefore, the blood-tumor overlapping repertoire may be useful for the monitoring of antitumor T-cell responses. For example, patients with a higher blood-tumor overlap in the blood at baseline and an increase in the blood-tumor overlap following treatment may exhibit a better antitumor response (Figure 2C). Moreover, blood-tumor overlapping clones in the unfractionated tumor T-cell repertoire can be annotated as CD4+ or CD8+ based on whether overlapping clones are detected in the blood CD4+ or CD8+ T-cell repertoire. Given that isolating sufficient numbers of CD4+ and CD8+ T cells from tumor biopsy is technically difficult and laborious, the ability to analyze the responses of CD4+ and CD8+ T-cell clones in the tumor without the need for preparing CD4+ and CD8+ TILs is another advantage of blood-tumor overlapping repertoire analysis.




Figure 2 | Outline of inter-organ clone tracking analysis. (A) Tumor-reactive T cells are activated and proliferate after antigen presentation in tumor-draining lymph nodes (dLNs) and then infiltrate into the tumor tissue via the blood circulation. Therefore, the dLN-tumor overlapping (OL) repertoire reflects a novel mobilization of tumor-reactive clones into the antitumor T-cell response. In addition, the blood-tumor OL repertoire is expected to be enriched in tumor-reactive T-cell clones. (B) Overview of dLN-tumor overlapping repertoire analysis. An increase in overlapping clones is associated with enhanced priming of tumor-reactive clones and stronger antitumor effects. (C) Overview of blood-tumor OL repertoire analysis. Patients with a higher blood-tumor overlap in the blood at baseline and an increase in blood-tumor overlap following treatment show a better antitumor response.




dLN-Tumor Overlapping Repertoire Analysis

A few studies have performed dLN-tumor overlapping analysis on samples surgically resected from patients with cancer (Table 4). Inamori et al. reported that patients with MMRd colorectal cancer (CRC), for which ICIs are more effective, exhibited a greater extent of dLN-tumor overlap than those with MMR proficient CRC (39). This result is consistent with that of MMRd tumors harboring tumor-reactive T-cell clones specific to mutation-associated neoantigens (22). Considering this result, other tumor types that exhibit greater dLN-tumor overlap may also be responsive to ICIs. However, it is noted that metastasis-positive dLN showed a significantly higher extent of dLN-tumor overlap (40, 41). Thus, the degree of overlap between metastasis-positive dLN and the tumor may not necessarily reflect the enhanced priming of tumor-reactive clones.


Table 4 | Previous studies performing bulk TCR sequencing inter-organ clone tracking analysis.



In a preclinical study, we demonstrated the increased dLN-tumor overlapping repertoire in B16-bearing mice receiving an anti-CD4 depleting antibody treatment (42). Anti-CD4 depleting antibody exhibits a potent anti-tumor effect by transiently removing CD4+ immunosuppressive cells, including regulatory T cells, and activating tumor-reactive CD8+ T cells (47). While the clonality of CD8+ T cells in the tumor was equivalent between the untreated and anti-CD4-treated mice, the total frequency and diversity of the dLN-tumor overlapping repertoire were significantly increased in the anti-CD4-treated mice. In addition, the expansion of adoptively transferred or endogenous melanoma-reactive clones was detected in the dLN-tumor overlapping repertoire (42). These results support that treatment-induced changes in TCR repertoire are enriched in dLN-tumor overlap. Moreover, the dLN-tumor overlapping clones could be classified into three patterns: “TumorMajor clones”, which were dominant (>0.1%) in the tumor, but not in the dLNs; “dLNMajor clones”, which were dominant in the dLNs, but not in the tumor; and “DoubleMajor clones”, which were dominant in both the dLNs and the tumor (42). Anti-CD4 treatment increased the dLNMajor and DoubleMajor clones, which strengthens the evidence that the primary target of anti-CD4 antibody in the cancer-immunity cycle is priming the tumor-reactive T cells in dLN. The anti-CD4 antibody produced a synergistic anti-tumor effect in combination with PD1 blockade in a preclinical model (47). Considering that the primary target of PD1 blockade is preventing tumor-reactive T cells from exhaustion in the tumor (38), other treatments that increase dLN-tumor overlap may also work synergistically with PD1 blockade by targeting dLN and mobilize more tumor-reactive clones.



Blood-Tumor Overlapping Repertoire Analysis

A number of studies reported the association between blood-tumor overlapping repertoire and clinical responses (Table 4). Chow et al. reported that TumorMajor clones in blood-tumor overlap expanded in the blood within two weeks after initiating stereotactic body radiation therapy (43). In addition, responders for PD-1 blockade therapy showed a higher total frequency of blood-tumor overlapping clones in the blood before treatment (44), a greater number of blood-tumor overlapping clones after treatment (32), and more pronounced expansion of blood-tumor overlapping clones in the blood after treatment (45). Similar observations were reported for neoadjuvant chemoimmunotherapy (28) and clinical trial of a humanized anti-CD4 antibody (46, 48). The association between the blood-tumor overlapping repertoire in the tumor and clinical responses has also been analyzed. Zhang et al. reported that, in a trial of neoadjuvant PD-1 blockade therapy for NSCLC, the tumor T-cell repertoire of responders contained a higher proportion of clones that expanded in the blood after treatment than that of non-responders (27). Moreover, Yost et al. showed that T-cell clones in the tumor were replaced during treatment and that some of the newly emerged clones in the tumor were also present in the peripheral blood before treatment (49).

These observations suggest that PD-1 blockade therapy activates novel tumor-reactive T-cell clones outside the tumor and promotes their infiltration into the tumor (50). This “tumor-extrinsic” response may coincide with the reactivation of exhausted T cells in the tumor, which has been previously considered the central mechanism of PD-1 blockade. In addition, scTCR analysis of tumors and peripheral blood (see below) has shown that genes related to effector function are highly expressed in tumor-overlapping clones in the peripheral blood (51, 52). These results suggested the potential of tumor-overlapping clones in the peripheral blood as a prognostic and early diagnostic marker for PD-1 blockade therapy: patients with more tumor-overlapping clones may benefit from PD-1 blockade, while those with less tumor-overlapping clones may need more aggressive immunotherapy like a combination with anti-CTLA4 antibody. Moreover, whether these overlapping clones indeed recognize tumor cells and contribute to the antitumor effect will require verification in preclinical and clinical studies.




Overview of Single-Cell TCR Sequencing Methods

In the TCRseq methods described above, the total DNA or RNA in a T-cell population is pooled for library preparation (bulk TCRseq). Therefore, it is impossible to associate a gene expression profile with a particular clone, which poses a major hurdle to understanding the function of T-cell clones in TCR repertoire analysis.

scTCRseq is a potent approach to assigning immunological phenotypes to individual T-cell clones (11). scTCRseq identifies paired TCR alpha and beta sequences of thousands of T cells in parallel using unique DNA barcodes for individual cells (cellular barcodes) (53, 54). Single-cell gene expression profiles can be obtained simultaneously (scRNAseq), and the scRNAseq and scTCRseq results can be integrated using cellular barcodes. By extracting T cells with a particular TCR sequence using the cellular barcode and analyzing the gene expression profile, the phenotypes of individual T-cell clones (including naïve, effector, memory, and exhausted T cells) can be evaluated.

With the advancements in single-cell analysis, more high-throughput scTCRseq methods are being developed, which can be roughly divided into two types: (1) methods reconstructing TCR sequences by extracting TCR reads from standard scRNAseq data and (2) those amplifying TCR genes selectively from the scRNAseq library and sequencing both the TCR gene and scRNAseq libraries. Experimental overview and characteristics of these two categories of scTCRseq methods are summarized in Figure 3 and Tables 2, 5 (17, 18, 55, 56).




Figure 3 | Overview of scTCRseq methods. (A) Overview of the scTCRseq method using 5′ RNA amplification. Cells are isolated in oil-in-water droplets. After cell lysis, mRNAs from a single cell are reverse-transcribed using oligo-dT primers. An adapter containing a cellular barcode and a universal oligo is added at the 5′ end of cDNA by template switching. TCR transcripts containing CDR3 and the cellular barcode are specifically amplified using primers designed to target the TCR C region and the universal oligo. The amplified TCRs are sequenced using NGS. (B) Overview of the scTCRseq method using self-hybridization. Single cells and beads with cellular barcodes are loaded into micro-wells. After cell lysis, mRNAs from the single cells are captured by the oligo-dT sequences on the beads. After reverse transcription, a synthetic poly-A tail is added to the 3′ end of the cDNA by template switching. Through denaturation and annealing, the synthetic poly-A tail at the 3′ end of the cDNA hybridizes to the oligo-dT sequence on its own bead. The second strand of cDNA is then stretched by DNA polymerase to copy the cellular barcode of the bead. TCR transcripts containing CDR3 and a cellular barcode are specifically amplified using primers designed to target the TCR C region and the universal oligo. The amplified TCRs are sequenced using NGS.




Table 5 | Classifications of TCRseq methods and their characteristics.





Application of scTCR Analysis to Elucidating T-Cell Responses in the Tumor Microenvironment

One of the applications of scTCRseq in tumor immunology is estimating the developmental relationships among T-cell subsets based on the T-cell clone overlap. scRNAseq has identified several clusters of tumor-infiltrating CD8+ T cells (36, 57–61), including a cytotoxic cluster that expresses high levels of perforin and granzyme, an exhausted cluster that is highly tumor-responsive, but expresses high levels of inhibitory receptors, and a tissue-resident memory cluster that expresses integrin alpha E. The exhausted cluster is further classified into a terminally exhausted cluster, which expresses high levels of inhibitory receptors, and a progenitor exhausted cluster, which expresses molecules related to self-renewal capacity, such as TCF1. However, the developmental relationship between these T-cell clusters has not been clarified.

The differentiation trajectory of TILs can be estimated by quantifying the overlapping T-cell clones among the clusters. T cells within a particular TCR clone are derived from a single naïve T cell. Thus, the presence of multiple overlapping clones between two clusters suggests that they are closely related in terms of differentiation trajectory. For example, Li et al. found a considerable overlap of T-cell clones between the late and early exhaustion clusters of CD8+ TILs in melanoma, whereas there was limited clonal overlap between the cytotoxic cluster and these exhaustion clusters (57). This finding indicated that the exhaustion and cytotoxic clusters have different differentiation trajectories. In addition, TCR overlap analysis in NSCLC suggested that terminally exhausted CD8+ T cells in tumors had two origins: GZMK+ circulating precursors infiltrating from the peripheral blood and XCL1+ resident precursors showing tissue-resident characteristics (35, 62). Inter-cluster TCR overlap analysis will be a useful method for inferring the differentiation trajectories of T cells in silico in addition to trajectory analysis based on gene expression. However, the number of T-cell clones that can be analyzed by scTCRseq is limited. Therefore, a higher throughput method, such as bulk TCRseq of specific T-cell subsets, will be required to validate scTCRseq results in the future.

Another application of scTCRseq is the identification of TCRs that respond to tumor antigens. Tumor-infiltrating T cells include not only tumor-reactive T-cell clones that recognize tumor antigens, but also clones that recognize viral antigens unrelated to tumors (63, 64). Since the antigen specificity of a T-cell clone is determined by the TCR alpha and beta chains, scTCRseq identifying the TCR alpha and beta chain pair is required to reconstitute TCRs of T-cell clones and examine their tumor-reactivity. Oliveira et al. identified TCR alpha- and beta-chain pairs of CD8+ TILs by scTCRseq and introduced them into peripheral blood T cells using lentiviral vectors. The antigen specificity of the TCRs was identified by coculturing the TCR-transfected T cells with immortalized lymphoblastoid cell lines pulsed with peptides of tumor antigens or tumor-unrelated viral antigens. In addition, the gene expression profiles of the T-cell clones were determined by scRNAseq. Using this approach, the authors found that the clones recognizing tumor antigens showed an exhaustion phenotype, whereas the bystander clones recognizing viral antigens showed a memory-like phenotype (65). Tumor-reactive TCRs identified by scTCRseq as above can be applied to tailor-made adoptive T-cell therapy. A recent study demonstrated that only a small percentage of TILs can be cultured ex vivo (66). Considering this, direct identification of functional T-cell clones using scTCRseq will expand the choice of T-cell clones for T-cell therapy, which will lead to improved therapeutic outcomes.



Conclusion

The repertoire of tumor-infiltrating T cells, which reflects the antigen-specific T-cell-mediated anti-tumor responses, is an important characteristic feature of the tumor microenvironment. In this review, we introduce two novel approaches for immunological interpretation of the TCR repertoire. Inter-organ clone tracking analysis based on bulk TCRseq can enrich tumor-reactive T-cell clones that are mobilized into the cancer-immunity cycle, providing a more direct index of the antitumor T-cell response than repertoire diversity or clonality. scTCRseq technology enables linking individual T-cell clones with their gene expression profiles, allowing an improved immunological interpretation of the TCR repertoire. Moreover, high-throughput identification of antigen-specific T cells is becoming possible by combining scTCRseq and DNA-barcoded peptide-MHC multimer technology (56, 67, 68). While scTCRseq provides a more precise characterization of individual clones, the number of T-cell clones that can be analyzed per sample is only the “tip of the iceberg” of the TCR repertoire. Thus, combined application of high-throughput bulk repertoire overlap analysis and scTCRseq will improve our understanding of the antitumor responses of diverse T-cell clones. Overall, the approaches for TCR repertoire analysis described in this review will not only provide a more precise characterization of the tumor microenvironment, but also help develop efficient immunotherapeutic strategies to combat cancer.
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Acute myeloid leukemias (AML) comprise a wide array of different entities, which have in common a rapid expansion of myeloid blast cells leading to displacement of normal hematopoietic cells and also disruption of the microenvironment in the bone marrow niches. Based on an insight into the complex cellular interactions in the bone marrow niches in non-neoplastic conditions in general, this review delineates the complex relationship between leukemic cells and reactive cells of the tumor microenvironment (TME) in AML. A special focus is directed on niche cells and various T-cell subsets as these also provide a potential therapeutic rationale considering e.g. immunomodulation. The TME of AML on the one hand plays a vital role for sustaining and promoting leukemogenesis but - on the other hand - it also has adverse effects on abnormal blasts developing into overt leukemia hindering their proliferation and potentially removing such cells. Thus, leukemic cells need to and develop strategies in order to manipulate the TME. Interference with those strategies might be of particular therapeutic potential since mechanisms of resistance related to tumor cell plasticity do not apply to it.
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Introduction

Acute myeloid leukemia (AML) can be defined as a clonal expansion of hematopoietic progenitor cells showing a stop of differentiation and maturation at various stages (1). AML has a severe impact on affected patients with a general five-year survival rate of 24%, a median survival of 8.5 months, and an even worse prognosis in the most commonly affected patient group of people over the age of 65 showing a median survival of only 2.7 months (2). This data and the fact that no increase in survival rates could be achieved in the last decades, show the urgent need for improved treatment modalities.

The mainstay of AML therapy includes intensive chemotherapy and allogeneic hematopoietic cell transplantation (AHCT) (3). The rationale behind AHCT is the idea that blasts remaining after chemotherapy will be eliminated by the transplanted donor-immune cells (graft-versus-leukemia effect). However, in a considerable fraction of patients, relapses occur. On the other hand, many – especially elderly – AML patients are not eligible for this therapeutic option (4) and, thus, other therapeutic strategies must be explored. Improved understanding of the biology of AML and especially its microenvironment, including the exploration of the applicability of chimeric antigen-receptor T cells (CAR-T), might open new treatment options and significantly improve the outcome of patients. A key to achieve this goal is a profound understanding of the bone marrow niche, which provides physical protection and release of pro-survival factors for leukemia cells (5, 6), and the interaction between AML blasts and the immune system as potential target for immunotherapeutic approaches (7, 8).

As hematopathologists, we are confronted daily with evaluation of bone marrow biopsies and the characterization of its cellular components. This work has resulted in the conceptualization of various own studies dealing with the TME of hematopoietic neoplasms, which will be presented in this review along with seminal publications of other groups. So the focus of this review is the TME of myeloid tumors, particularly AML, from the viewpoint of histopathology that may mechanistically explain how AML blasts interact with the TME to support growth and survival. For a detailed view on therapeutic approaches targeting the TME in AML, we refer to other excellent reviews focusing on that topic (9, 10).



The Microenvironment of the Bone Marrow Niche

The term “bone marrow niche(s)” has been coined to describe the specialized interplay of various cells and soluble factors providing the basis for sufficient and well-regulated hematopoiesis from the hematopoietic stem cells (HSC).

The bone marrow consists of a delicate vascular architecture of arterioles, veins and specialized sinusoids that enable trafficking of cells and soluble factors to the blood stream and vice versa, particularly through the fenestrated basal lamina of the sinusoids (11). Another important component of the bone marrow niches are stromal cells, which to a large extent comprise the adipose tissue, a longtime neglected component (12). Many authors distinguish a perivascular and an endosteal niche (10). It is still a matter of debate whether this distinction really can be made, since there is cumulating evidence in the support of the existence only of the former (13).

Hematopoiesis occurs in a circadian fashion effectuated by sympathetic nerve fibers in the bone marrow (14), and HSC themselves have been shown to be subject to respective oscillation, which is orchestrated by the sympathetic nervous system (15). Signaling via β3-adrenergic receptors regulates nestin-expressing mesenchymal cells and their cell progenitors (MSC) (16), which are of core importance for the perivascular bone marrow niches (17). As a net effect, β3-adrenergic signaling e.g. regulates trafficking of HSC (18).

The endosteal bone marrow niche (17) has been described as a shelter for HSC, and its regulation is orchestrated by osteoblasts and their progenitors (19). Osteoblasts form protective layers for HSC, they can also keep them in a non-circulatory state via cell-cell adhesion molecules (20). This niche is preserved after treatment by chemotherapy and radiation, being the source of bone marrow renewal after such insults (21). As also capillaries seem to play an as important role in the endosteal niche as in the perivascular niche, it has been proposed to relinquish the separation between different niches. Just recently Panvini et al. presented human data on the presence of nestin+ capillary-like tubes (NCLTs), not surrounded by sub-endothelial perivascular cells in direct contact to the bone line and spatially correlated with hematopoietic stem/progenitor cells and possibly involved in regulating human hematopoiesis within the endosteal compartment (22). This group also showed that the endosteal niche capillary network gets destroyed in the course of AML evolvement in favor of the central perivascular niche.

The perivascular niche is considerably (about 9 times) larger. Its MSC can differentiate into osteoblasts, adipocytes, chondrocytes and fibroblasts (23), and are particularly important for HSC by secreting factors such as C-X-C motif chemokine 12 (CXCL12), stem cell factor (SCF) and interleukin (IL) 7 (16). Vice versa, MSC can be modulated by HSC to improve their own microenvironment (24). The most voluminous compound of the perivascular niche, the adipocytes of the bone marrow, have been shown to be different from adipocytes elsewhere in the body. Their amount steadily increases during lifetime and they are involved in HSC maintenance and proliferation by secreting adipokine and adiponectin (25), in addition of being an important source of nutrients for bone marrow cells. Production of CXCL12, IL3 and IL6 has also been documented for this cell type (26). Finally, the vascular partition consists of sinusoids and arterioles, which – based on single cell analysis – must be regarded as different subcompartments (27, 28), e.g. sinusoids being mainly involved in cell egression from the bone marrow, while arterioles play a central role in nutrient and oxygen supply.

Macrophages – as in many other forms of TME – also are a pivotal part of the bone marrow niches. They can give rise to osteoclasts, influence osteoblasts and CXCL12-secretion by MSC to maintain homeostasis of HSC (29). Interestingly, the progenies of HSC, megakaryocytes also play a backloop role for HSC by secreting several cytokines such as insulin-like growth factor 1, platelet factor 4 and transforming growth factor beta (TGFβ) (30).



The Tumor Microenvironment of MDN and MPN: Similarities and Differences to AML

A weighty proportion of AML cases does not present as de novo disease but represents clinical or at least genetically perceptible evolution (31) of background clonal hematopoietic stem cell disorders such as myelodysplastic syndromes (MDS) that are now proposed to be called myelodysplastic neoplasms (MDN), or myeloproliferative neoplasms (MPN), the microenvironment of which has been the focus of research. MDN patients carry a high risk (up to 25%) of developing AML (32), while in MPN this risk is more variable, depending on the respective entity, and is below 10%. Interestingly in this regard, MDN cells can induce transformation of normal MSC into MSC with proinflammatory characteristics, which can then support leukemic progression (33), while vanishing nestin-positive niches is a well-established mechanism of MPN pathogenesis (34). Moreover, it has been shown in animal models that certain molecular dysfunctions in MSC can induce an MPN-like phenotype (35, 36). This just shows two brief insights into the interaction and relationship of neoplastic ells and their environment of these disease groups. In the following paragraphs when focusing on different cell subsets and soluble factors, we will figure out current knowledge in regard to the TME of AML.



The Role of Mesenchymal Stem Cells and Their Progenies in AML

MSC are pluripotent cells that can differentiate into different types of mature cells as described above. During lifetime, there is a “physiological” change of MSC, which is reflected by increase of adipocytes and loss of osteoblasts (37). This alteration might also explain the well-known increasingly reduced bone marrow cellularity in the course of life. The underlying change of MSC differentiation is achieved via different mechanisms, including altered cytokine levels, resulting in decreased Wnt-related signaling and intensified RhoA-related signaling (38) as well as reduced Runx2 signaling, which is important for osteoblastic differentiation (39). “Senescence” that can be attributed to (cumulative effects of) pro-inflammatory cytokines, and changes of the sympathetic nerve system during life affect MSC (40). Indeed and as a cumulative result of altered signaling in cancer, nestin-positive MCS are significantly reduced in several hematologic malignancies. In a study on the TME of MPN, we could demonstrate that there is both a reduction of sympathetic nerve fibers and, consecutive, of nestin-expressing MSC in MPN, which is linked to the effects of proinflammatory cytokines that are increased in MPN, and can be to a part reverted by administering β3-adrenergic agonists (34). Interestingly, reduced numbers of nestin-positive MSC also correlate with another inflammatory condition, GvHD in AHCT patients (41). On the other hand, the role of nestin-positive MSC is different in AML as here, no depletion of these MSC has been observed (Figures 1A, B) and it is speculated that AML blasts are in need of MSC for survival and chemotherapy resistance, being dependent on the oxidative phosphorylation and tricarboxylic acid cycle activity, and antioxidant defense of the latter (42). Whether the genuine disruption of MSC niches in MPN (34) compared to rather increased MSC-niche densities MDN (43) may additionally explain the higher transformation rate into AML of the latter, is an intriguing hypothesis that remains to be resolved.




Figure 1 | Distribution of nestin+ cells of the perivascular niches in AML. (A) Nestin expression in MSC-equivalents in normal bone marrow (immunohistochemistry, 400x); (B) Increased presence of nestin-positive MSC-equivalents in a case of AML suggesting importance of the former cells for AML survival (immunohistochemistry, 400x).



Analogously to what has been mentioned in the previous section discussing the relationship between MPN and their TME, mutations can also occur in the MSC themselves, which is documented in MPN linked to mutations in Ptpn11 (44) or progression of AML fostered by Ctnnb1 mutations in osteoblasts (45) in mouse models. This shows a new path of leukemogenesis, initiated not by mutations occurring in HSC but in MSC with secondary mutations occurring in the blasts. Similar to what is known from studies on bone marrow senescence, disruption of sympathetic nerve signaling also happens in AML. In mouse models on both AML and MPN, the destruction of Schwann cells and reduced sympathicotonus significantly altered bone marrow niches and promoted the increase of leukemic stem cells and disease progression (34, 46). Interestingly, β3-adrenergic agonists helped to restore physiological conditions and prevented disease progression.

AML blasts can push MSC to differentiate into osteoblasts, being as supportive for leukemia as for HSC in general (47), and - via the mechanism of leukemic stem cell protection - in the endosteal niche in particular (48). This seems to occur via secretion of proinflammatory cytokines such as CCL3 or thrombopoietin (TPO). Single cell RNA sequencing studies could already provide deeper insights into the reprogramming of MSC in vivo: Baryawno et al. elegantly demonstrated that different MSC are involved, including e.g. significant changes in osteoblast subsets and decreases differentiation into adipocytes, accompanied by upregulation of hypoxia-related genes in MSC (28).

Adipocytes are getting diminished by AML expansion in the bone marrow, which seems to be not only due to spatial disproportion, but also by preferential MSC-differentiation towards the osteoblastic lineage (49). On the other hand, adipocytes provide nurture to AML cells via release of fatty acids and also are important for bioavailability/unavailability of many lipophilic drugs (50), so their importance for AML cells is still difficult to interpret. Interestingly, the latter property of these cells is suspected being one reason for the inferior survival of elderly AML-patients as adipocyte-rich niches may provide a protective environment for AML blasts (51).

AML blast tightly interact with the endothelium. It has long been known that AML show an increased microvascular density compared to non-neoplastic bone marrow (52). Vascular endothelial growth factor (VEGF) is a major player in this relationship: besides fostering angiogenesis it can also inhibit apoptotic signaling in AML cells and support proliferation by upregulating secretion of GM-CSF by endothelial cells (53). Moreover, adhesion of leukemic stem cells through E-selectin to the vascular niche protects the former from the lethal effect of chemotherapy, which can be specifically counteracted (54).

Extracellular matrix components are an important factor for cell (im-)mobility and, thus, also a vital component of the TME. Already ten years ago, we could show the importance of RHAMM/CD168 (Figure 2A), the receptor for hyaluronic acid-mediated motility, as a negative prognostic marker for AML patients (55). CD44 that also interacts with hyaluronic acid (Figure 2B), is a type I transmembrane protein serving - especially in its sialofucosylated form - as adhesion molecule with ligands such as osteopontin, E- and L-selectin and fibronectin, and is an important factor for homing of HSC, and particularly of leukemic stem cells (56). Blocking CD44, the most commonly variant of which expressed in AML is v6 that is moreover linked to poor outcome, has been shown to prevent persistence of AML blasts in the bone marrow niche upon chemotherapy, which is otherwise linked to the quiescent-promoting- and, thus, cell-protective TME functions of CD44 (57).




Figure 2 | Expression of hyaluronic acid binding proteins in AML. (A) Diffuse expression of RHAMM in AML cells (immunohistochemistry, 400x); (B) Diffuse expression of CD44v6 in AML cells (immunohistochemistry, 400x).





The Role of Lymphocytes and Monocytes in AML Immune Escape

As seen in many other tumors, immune escape is an important survival strategy for AML. AML blasts have been shown to impede the formation of immune synapses (58) and impair cytotoxic activity of T-cells (59). Generally, and in AML in particular, immune escape can be divided into different strategies including hiding of the malignant cells from the immune system up to manipulation of various immune-cell subsets.

T-cells can be divided into regulatory and cytotoxic T-cell subgroups. Regulatory T-cells (Tregs) dampen inflammatory responses, both by secreting anti-inflammatory cytokines as well as silencing cytotoxic T-cells (60). Thus, Tregs’ effects to provide protection from the immune system may be important for AML. AML blasts express one of the most potent cell-contact immune silencers, programmed death ligand 1 (PD-L1; Figures 3A, B), which increases with disease progression (61). They can also produce reactive oxygen species (62) and indolamine-2, 3-dioxygenase (IDO), which both promote differentiation towards Tregs (63). Just recently, a study by Ragaini et al. demonstrated that an IDO1-related immune gene signature predicts overall survival in AML (64). Another target to induce T-cell anergy is T-cell immunoglobulin and mucin domain 3 (TIM3), which binds to and is activated by galectin-9, the latter being highly expressed on AML blasts, which leads to an activation of several downstream signaling pathways such as the MAPK/ERK, PI3K- and AKT (65). TIM3 can stimulate the production of IDO and thus foster immune evasion (66). Yet, regarding the role of TIM3-expression AML, there are still conflicting results (67–69). Secretion of inducible T-cell co-stimulator ligand (ICOSL) and IDO’s product, N-formylkynurenine, furthermore contribute to an immunosuppressive environment stimulating the expansion of Tregs, while limiting cytotoxic activity (70, 71). Low Treg levels have been generally associated with better outcomes in AML (72). However the very dynamic nature of these interaction can be appreciated from the following example: in a retrospective cohort we could show higher numbers of FoxP3+ Tregs (Figure 4A) in the early phases after induction therapy are associated with higher complete remission rates and better overall AML survival (73), contrasting their role when assessed at baseline AML biopsies (74). We hypothesized that this is attributed to active changes of the T-cell compartment reflecting the stereotypic recovery of the immune system after chemotherapy. Due to their immunomodulatory abilities, the expanding Tregs could foster the recovery of normal hematopoietic cells effectuated e.g. by limiting activity of effector T-cells, which may otherwise react to potential neo-epitopes unmasked due to cell destruction caused by chemotherapy. Accordingly, the beneficiary role of Tregs becomes evident when looking at lower rates of GvHD in Treg-high AHCT patients (75). Alongside, high expression levels of the surface molecules mentioned such as PD1/PD-L1 and TIM3 are associated with worse prognosis in AML, thus suggesting potential relevance for therapeutic interventions, with first immune checkpoint inhibition trials being underway (76) although – as alluded to above –investigations of the expression of these markers still produces conflicting results (69). Yet and in accordance with the described above, it seems that immune checkpoint inhibition as a single therapy is not successful, therefore currently combination therapies are being explored (77).




Figure 3 | Distribution of PD-L1+ mononuclear tumor-infiltrating cells in AML. Case of relapsing AML showing high expression of PD-L1 (B) in contrast to very scarce expression of PD-L1 in the adjacent non-neoplastic bone marrow (A; immunohistochemistry, 200x).






Figure 4 | Distribution of regulatory T-cells and TH1-cells in AML. Presence of regulatory T-cells expressing FOXP3 (A) and Tbet (B) in bone marrow involved by AML (immunohistochemistry, 400x).



T-cell exhaustion can further be achieved by alterations of the metabolic microenvironment of AML, which can be characterized as glutamine-rich (78) and an arginine-deprived (79). Therefore, administering L-asparaginase (80) and inhibiting arginine deprival (81) have been both shown to be promising options for AML. Further immunomodulating drugs such as lenalidomide have also been tested in AML. In a translational side-project of a randomized clinical study (HOVON103 AML/SAKK 30/10), addressing the role of TME in AML treated by chemotherapy with or without addition of lenalidomide, we could show that its addition may be beneficial to (elderly) patients suffering from AML with multilineage dysplasia, where it led to a reduction of microvascularization and, likely, to an intensified specific T cell-driven anti-leukemic response (82). Lenalidomide promotes the degradation of two transcription factors, Aiolos and Ikaros, of the cereblon-mediating signaling (83, 84). Lenalidomide affects both neoplastic cells - by facilitating apoptosis, and the surrounding T-cells - by activating them via enhanced secretion of IL 2 (85). Indeed, under lenalidomide, the amount of T-bet+ T cells more consistently increased (82), which might be interpreted as a sign of increased T cell-driven immune response against the tumor cells. Consistently, this T-bet+ T-cell subgroup (Figure 4B) is a significant contributor to T-cell activation (86), and has a potential beneficiary effect on AML outcome as it fosters anti-AML immunity (87).

The role of B-cells has not been investigated at a larger scale so far. Cheng et al. investigated the prognostic importance of the TME in AML and showed a negative impact of memory B-cells (yet not statistically significant) on survival, while increased numbers of naïve B-cells had a positive impact (88).

Besides T-cells of the adaptive immune system, AML blasts also alter the function of innate immune system cells, namely NK cells and macrophages. AML blasts downregulate surface molecules needed for their recognition by NK cells via the receptor natural killer group 2 member D (NKG2D), and release altered NKG2D-ligands reducing the cytotoxic activity of NK cells (89, 90). Another mechanism to evade NK-cell recognition and, thus, destruction is inhibiting release of interferon γ (91). Similar to solid tumors, AML blasts induce a shift of macrophages towards M2 polarization, M2 macrophages being immunosuppressive, supporting angiogenesis and tissue repair (92). Elevated levels of M2 macrophages in AML patients have been described in vivo and in mouse models (93). Another population manipulated by AML blasts are myeloid-derived suppressor cells, which are derived from monocytes (94). These cells cause T-cell inactivity via several mechanisms ranging from PD-L1 expression to secretion of cytokines such as IL10 and/or TGFβ. In line with M2-macrophages and Tregs, these myeloid-derived suppressor cells are also more abundant in AML patients (94), and, consistently, they seem to be a risk factor for disease progression of MDN to overt AML (95). Finally, AML blasts also show a defective antigen-presentation by downregulation of human leukocyte antigens (HLAs) helping to render them invisible to immune cells (96).

These complex interactions between AML cells and non-neoplastic immunomodulating cells seems to represent a major source of difficulties for applying CAR-T in such instances (97), besides difficulties in identifying targets not also expressed by non-neoplastic HSC (98). As detailed above, induction of myeloid-derived suppressor cells and Tregs significantly reduces T-cell responses, which also holds true for CAR-T responses. Targeting CD33, which is not only expressed on AML blasts, but also on the myeloid-derived suppressor cells is a potential strategy to overcome this dilemma (99). Respecting AML-TME interactions, a phase I/II trial is currently running to explore the application of CD44v6 CAR-T in AML (https://clinicaltrials.gov/ct2/show/NCT04097301). Constructing CAR-T with costimulatory domains to dampen the influence of Tregs might be another potential approach (100). A further obstacle to the efficacy of CAR-T is the secretion of various soluble factors by AML blasts, which will be discussed in the next paragraph.



Soluble Factors Affecting the TME

AML cells depend on numerous cytokines and soluble factors provided by cells of the bone marrow niches. In addition, several adhesion factors seem to be essential for AML cells within these niches.

CXCL12 (Figure 5A) is secreted by MSC under the orchestration of sympathetic nervous signaling, and regulates leukocyte trafficking as mentioned above (101). Interactions with its receptor, CXCR4, increase retention of HSC to the bone marrow niches and decreases their progenies’ migration into the bloodstream. Several years ago, we could show that active CXCR4 signaling is associated with an inferior prognosis in AML as a consequence of an increased retention to the bone marrow associated with an enhanced chemoresistance of leukemic cells (102). Indeed, under chemotherapy, AML cells often overexpress CXCR4 (Figure 5B) that facilitates overcoming apoptotic stimuli and improving cell survival by entering a state of quiescence and stromal protection, thus, being less amenable to the effects of cytotoxic drugs (103). CXCR4 antagonists such as plerixafor or the monoclonal antibody ulocuplumab are currently investigated in several clinical trials (104). CXCR4-antagonists mobilize leukemic stem cells into the blood stream and block several survival pathways as discussed above, thus rendering AML cells more chemo-susceptible. Importantly, granulocyte colony-stimulating factor (G-CSF) that is commonly given to support recovery from chemotherapy, seems to antagonize CXCR4 effects too, and is claimed to improve AML outcomes by means of this mechanisms, too (105).




Figure 5 | Expression of members of the CXCL12-CXCR4 axis in AML. (A) Expression of CXCL12 in perivascular MSC-equivalents in AML (immunohistochemistry, 400x); (B) Diffuse expression of the receptor of CXCL12, CXCR4, on AML blasts (immunohistochemistry, 400x).



ILs are an integral component for the regulation of the immune system. AML blasts can secrete a variety of ILs to adjust the TME to their needs: secretion of IL1β promotes growth of blasts, thus, serving as an autocrine growth factor, while suppressing non-neoplastic HSC (106) also by overturning adrenergic signaling in the perivascular niches (see above). By binding circulating IL2 via CD25, AML blasts can reduce T-cell activity (107). IL8 seems to be important for chemoresistance (108), and its secretion by endothelial cells is propagated by AML blasts. IL10 is secreted by MSC of the TME and correlated with worse survival in AML (109). By secreting IL10, MSC can induce immune tolerance, a well-established function of IL10 (110), and thereby shield AML blasts from detection by the immune system.



Conclusions

In this review, we tried to give an overview of the massively expanding knowledge on the complex interactions of AML with their TME. The delicate structures and functions of the bone marrow niches are profoundly altered in order to help AML blasts to survive, expand and escape immune surveillance. Both, various cellular subsets as well as soluble factors play important roles in this settings (Figure 6). With more and more knowledge generated from treating solid tumors with immunotherapy, it is now also beginning to be explored in AML, especially in instances treated by chemotherapy. An area still not profoundly investigated is AML in the setting of AHCT. Indeed and as may be anticipated from the information on the interaction of AML with its TME reviewed here, increased knowledge on different pathways and mechanisms of action mediated through the TMA that may - if therapeutically adjusted - counterbalance graft-versus-host-, while supporting graft-versus-leukemia effects in the setting of AML treated by AHCT has the potential to considerably improve outcome. Further understanding and finding modes of action of immunotherapies and therapies targeting non-immunologic AML-TME interactions to counterbalance the manipulative effects of AML blasts on the bone marrow niche and its constituents has the potential to improve the prognosis of AML patients both at initial stages as well as in the relapse setting and achieving control in the minimal residual disease setting.




Figure 6 | Schematic summarizing some interactions of AML with the TME. Stimulatory signaling is delineated in red, inhibitory – in green; tumor-promoting cells are blueish, tumor-suppressing cells – greenish, while niche-cells and nutrient-supplying cells are yellowish. The scheme does not claim to be complete and mainly reflects aspects that have been addressed in this review. For abbreviations, we kindly refer to the manuscript body.
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The lack of inadequate preclinical models remains a limitation for cancer drug development and is a primary contributor to anti-cancer drug failures in clinical trials. Heterotypic multicellular spheroids are three-dimensional (3D) spherical structures generated by self-assembly from aggregates of two or more cell types. Compared to traditional monolayer cell culture models, the organization of cells into a 3D tissue-like structure favors relevant physiological conditions with chemical and physical gradients as well as cell-cell and cell-extracellular matrix (ECM) interactions that recapitulate many of the hallmarks of cancer in situ. Epidermal growth factor receptor (EGFR) mutations are prevalent in non-small cell lung cancer (NSCLC), yet various mechanisms of acquired resistance, including epithelial-to-mesenchymal transition (EMT), limit the clinical benefit of EGFR tyrosine kinase inhibitors (EGFRi). Improved preclinical models that incorporate the complexity induced by epithelial-to-mesenchymal plasticity (EMP) are urgently needed to advance new therapeutics for clinical NSCLC management. This study was designed to provide a thorough characterization of multicellular spheroids of isogenic cancer cells of various phenotypes and demonstrate proof-of-principle for the applicability of the presented spheroid model to evaluate the impact of cancer cell phenotype in drug screening experiments through high-dimensional and spatially resolved imaging mass cytometry (IMC) analyses. First, we developed and characterized 3D homotypic and heterotypic spheroid models comprising EGFRi-sensitive or EGFRi-resistant NSCLC cells. We observed that the degree of EMT correlated with the spheroid generation efficiency in monocultures. In-depth characterization of the multicellular heterotypic spheroids using immunohistochemistry and high-dimensional single-cell analyses by IMC revealed intrinsic differences between epithelial and mesenchymal-like cancer cells with respect to self-sorting, spatiotemporal organization, and stromal cell interactions when co-cultured with fibroblasts. While the carcinoma cells harboring an epithelial phenotype self-organized into a barrier sheet surrounding the fibroblasts, mesenchymal-like carcinoma cells localized to the central hypoxic and collagen-rich areas of the compact heterotypic spheroids. Further, deep-learning-based single-cell segmentation of IMC images and application of dimensionality reduction algorithms allowed a detailed visualization and multiparametric analysis of marker expression across the different cell subsets. We observed a high level of heterogeneity in the expression of EMT markers in both the carcinoma cell populations and the fibroblasts. Our study supports further application of these models in pre-clinical drug testing combined with complementary high-dimensional single-cell analyses, which in turn can advance our understanding of the impact of cancer-stroma interactions and epithelial phenotypic plasticity on innate and acquired therapy resistance in NSCLC.
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Introduction

Lung cancer is a leading cause of cancer-related morbidity and mortality worldwide (1). The dismal prognosis of advanced non-small cell lung cancer (NSCLC), despite recent improvements in targeted therapies including checkpoint inhibition, highlights the need to develop and apply more relevant lung cancer models. These models can allow physiologically relevant studies of drug responses, tumor-stroma interactions, and therapy resistance mechanisms. Mutations that activate epidermal growth factor receptor (EGFR) are prevalent in NSCLC (2, 3), and patients with tumors harboring EGFR driver mutations generally respond well to initial treatment using EGFR inhibitors (EGFRi). However, most, if not all, cancers eventually develop acquired drug resistance against EGFRi, limiting the long-term benefit of the treatment (2, 4). Various resistance mechanisms have been proposed; the most common of which include secondary EGFR mutations (such as the T790M point mutation), activation of bypass signaling pathways (including amplification of the MET (c-Met) receptor), alterations in downstream signaling, or phenotypic changes including transformation to the small cell lung cancer (SCLC) subtype or epithelial-to-mesenchymal transition (EMT) (2, 4).

In addition to mediating EGFRi resistance, EMT is also a common mechanism of resistance to multiple other cancer therapies, including chemotherapy, radiation, targeted therapies, as well as immunotherapy (5, 6). EMT has further been associated with poor prognosis and aggressive features in many cancers, making EMT an attractive therapeutic target (6). During EMT, highly polarized and well-organized epithelial cells lose their apicobasal polarity and tight cell-cell adhesions while adapting more mesenchymal-like features, including spindle-like morphology as well as increased migratory and invasive properties (6–8). At the molecular level, EMT can be recognized by downregulation of epithelial markers such as CDH1 (E-cadherin) and upregulation of mesenchymal markers such as CDH2 (N-cadherin) and VIM (vimentin). Multiple transcription factors (TFs) are involved in EMT, the most recognized of these being SNAI1 (Snail), SNAI2 (Slug), Twist family BHLH transcription factor 1 (TWIST), and Zinc finger E-box binding homeobox 1 and 2 (ZEB 1 and 2) (6). EMT may also be reversed by the mesenchymal-to-epithelial transition (MET). The remarkable ability to adapt to challenging microenvironmental conditions and transit among the continuum of phenotypic states along the EMT spectrum is referred to as epithelial-to-mesenchymal plasticity (EMP) (6, 8, 9). Notably, it is acknowledged that intermediate states across the EMT spectrum exhibiting EMP are the most relevant states to promote tumor progression (7–11), and epithelial plasticity has recently been acknowledged as a cancer hallmark (12, 13).

EMT is closely regulated by the tumor microenvironment (TME). Indeed, EMT was first demonstrated in vitro when Greenburg and Hay showed that cells from several different adult and embryonic epithelia changed their polarity and gained characteristics of migrating mesenchymal cells when exposed to collagen gels (14). EMT was first proposed to be a crucial mechanism for the progression of carcinoma in the early nineties (15–18). It is now well known that components of the TME, such as transforming growth factor-beta (TGFβ) and collagen type 1, are significant inducers of EMT. It is now acknowledged that TME affects multiple steps of cancer progression, including initiation, metastasis, and therapy resistance (19, 20). Under healthy homeostatic conditions, the tissue microenvironment is considered tumor-suppressive (21). However, the tissue microenvironment of the developing malignant tumors is severely altered compared to healthy tissues and may serve to support tumorigenesis (19, 22–25). The TME comprises various cell types, including fibroblasts, pericytes, endothelial cells, and immune cells (22, 23). Fibroblasts exhibiting different phenotypes are the most abundant cells of the TME. Cancer-associated fibroblasts (CAFs) can contribute to multiple steps of cancer progression, including tumor growth, extracellular matrix (ECM) remodeling, metastasis, and conditioning of the “metastatic niche” (19, 20). CAFs have been shown to enhance the invasiveness of cells in vitro and enhance the metastatic potential in vivo (26–28). Stromal fibroblasts have also been implicated in acquired resistance to EGFRi in lung cancer (29), while other studies have demonstrated that CAFs can induce EMT in nearby carcinoma cells (30–33). For example, conditioned medium from cultured CAFs induced EMT and increased the migration and invasion of A549 and SK-MES-1 lung cancer cells in vitro (26). More specifically, hepatocyte growth factor (HGF) secreted by fibroblasts, including the MRC-5 cell line, has been shown to modulate EMT and motility of human and murine epithelial cells (34). Further, A549 lung cancer cells injected subcutaneously into mice with or without human CAFs showed that CAFs enhanced tumor growth in vivo (26). Another study analyzing data from 1084 breast cancer patients in The Cancer Genome Atlas (TCGA) observed a correlation between EMT, stemness, and samples with a high stromal index (35).

Cells of clonal origin in two-dimensional (2D) culture do not reflect the heterogeneity and complexity of tumors in vivo (36). Still, 2D cultures are widely applied in pre-clinical drug screening experiments. Indeed, the simplistic nature of these cell-based models has also been considered one of the causes of failure in the translation of novel drugs and treatment regimens from the lab to the clinic (36–39). Thus, the application of more relevant in vitro and in vivo models is needed to improve pre-clinical to clinical translation. Improved in vitro models are complementary to the in vivo models. In vitro models may in some cases be a more applicable model for certain mechanistic studies, for example, when studying signaling pathways and cell type-specific events which are easier to achieve in a controlled in vitro setting relative to a more complex in vivo environment. In addition, advanced in vitro model systems can reduce the application of in vivo animal models and will be especially useful in eliminating further in vivo studies of compounds working in a concentration range that are expected to cause severe side effects.

Multiple strategies for studying cells in vitro in more relevant settings are being developed, and the use of multicellular spheroid models were pioneered in the 70ies (40–42). The term “spheroid” refers to the spherical geometry, and the term could in principle be applied for all types of sphere-like three-dimensional (3D) cultures. However, spheroids are commonly defined as 3D cultures generated by cells clustering or self-aggregating, often without the need of a scaffolding matrix (38, 43, 44). Spheroids can be developed from multiple sources such as cells harvested from human tissues or tumors, or by self-assembly of one or multiple different cell lines. The size and structure of the spheroids depend on the number of cells cultured and the cell types and their ability to establish cell-cell adhesions and potential to self-sort or compartmentalize depends on various factors, including the efficiency of binding between adhesion molecules expressed by the various cell types and the deposition extracellular matrix (38, 44–48). In addition to ‘spheroids’, ‘organoids’, ‘explant cultures’, and other 3D models are in use or in development, including the more complex “organ on a chip” models and 3D printing or 3D bioprinting approaches. For a comprehensive review of pros and cons for the different 3D cell culturing models, we refer the readers to a number of excellent review papers (36, 42, 44, 49–53).

In the present study, we have established and applied a 3D model where homotypic or heterotypic multicellular spheroids are formed by the self-aggregation of cells in ultra-low attachment plates (46). This spheroid model has the advantage of being relatively easy to work with and allow the study of a pre-defined composition and ratio of cancer and stromal cells. The model represents many aspects of the tissue or tumor of interest, including 3D geometry, chemical and physical gradients such as oxygen and nutrient availability and stiffness, cell-cell and cell-ECM interactions (36, 39, 51, 52). EGFRi resistance mechanisms and the impact of the cancer stroma interactions between fibroblasts and drug-sensitive or drug-resistant cancer cells remain largely unknown. Therefore, this study aimed to develop and characterize a 3D heterotypic co-culture system consisting of EGFRi-sensitive or EGFRi-resistant NSCLC cells together with fibroblasts that can be applied to study the impact of cancer-stroma interactions and EMP on acquired drug resistance in NSCLC.



Materials and Methods


Cell Culture

The human NSCLC cell line HCC827 (#CRL-2868, ATCC, Manassas, VA) was cultured in Roswell Park Memorial Institute (RPMI) 1640 medium (R8758, Sigma-Aldrich) containing 5% heat-inactivated Fetal Bovine Serum (FBS) (Gibco), 20 Units/mL Penicillin, 20 µg/mL Streptomycin (Penicillin-Streptomycin, #P-0781, Sigma-Aldrich) and 2 mM L-glutamine (#G-0781, Sigma-Aldrich). The HCC827 cell line has an activating EGFR mutation (E746–A750 deletion) that engenders sensitivity to erlotinib, and erlotinib-resistant (ER) clones of HCC827 cells were established in vitro by culture in increasing concentrations of erlotinib, as described previously (54, 55). The ER3 cells were kindly provided by Professor Trever G. Bivona at the Division of Hematology/Oncology, Helen Diller Comprehensive Cancer Center, University of California, San Fransisco, CA, USA (54). The ER10, ER20, and ER30 cells were established at the University of Southern Denmark (55). Erlotinib-resistant cells were maintained in culture with 1 µM erlotinib (#5083S, Cell Signaling Technology, Danvers, MA, USA). It has previously been shown by sequencing that the ER3 clone does not harbor the common EGFR T790M point mutation (54). For the ER10, ER20 and ER30 clones, it has been verified that the EGFRdel19 mutation is preserved in all resistant clones, while no other known EGFR or KRAS driver mutations were detected (including EGFR T790M) (55). Next-generation sequencing revealed a TP53 V218del mutation, and EGFR and CDK4 amplification in all clones including the parental cell line (55). In addition, HER2 amplification was detected in ER10 (6.2 copies) and MET amplification in ER30 (8.3 copies) (55).

The human NSCLC cell line H1975 and rociletinib (CO-1686)-resistant (COR) clones of this cell line; COR1-1 and COR10-1 were provided by Clovis oncology (Clovis oncology, Boulder, Colorado, US). H1975 cells were cultured in the same way as HCC827 cells, and the COR clones were supplemented with 1 µM rociletinib (CO-1686, Clovis oncology).

The human fibroblast cell line SV80 (SV40 transformed) (CLS Cell Lines Service GmbH, Eppelheim, Germany) was cultured in Dulbecco′s Modified Eagle′s Medium/Nutrient Mixture F-12 (DMEM/F12) (D8062, Sigma) supplemented with 5% FBS (Gibco), 20 Units/mL Penicillin, 20 µg/mL Streptomycin (Penicillin-Streptomycin, #P-0781, Sigma-Aldrich) and 2 mM L-glutamine (#G-0781, Sigma-Aldrich).

The human lung fibroblast cell line MRC-5 (ATCC, CCL-171) was cultured in Dulbecco′s Modified Eagle′s Medium (DMEM) (D5671, Sigma) containing 5% FBS (Gibco), 20 Units/mL Penicillin, 20 µg/mL Streptomycin (Penicillin-Streptomycin, #P-0781, Sigma-Aldrich) and 2 mM L-glutamine (#G-0781, Sigma-Aldrich).

Cell lines were routinely tested for Mycoplasma contamination using the MycoAlert Mycoplasma Detection Kit (LT07–218, Lonza, Basel, Switzerland). All cell lines used in these studies were authenticated by short tandem repeat (STR) profiling using the LGC service Promega’s PowerPlex 18D System. The American Association for Cancer Research (AACR) STR database (135-XV-5, ATCC) was applied as a reference for authentication of STR profiles. All cells were maintained in a humidified incubator at 37°C, 5% CO2 and 5% O2. Cell culture conditions are summarized in Table 1.


Table 1 | Cell culturing conditions.





3D Spheroid Formation by Mono- and Co-Culturing of NSCLC Cells and Fibroblasts

3D cultures were established by seeding cancer cells alone (9 000 cells per well) or cancer cells and fibroblasts (SV80 or MRC-5) in a 1:2 ratio (3 000 cancer cells and 6 000 fibroblasts) in a final volume of 100 µL cell culture medium per well of 96-well round-bottom ultra-low attachment plates (#7007, Corning Inc., Corning, NY, US). To encourage efficient generation of multicellular spheroids, the plates were centrifuged at 1019 g for 20 min, and thereafter placed in a cell culture incubator at 37°C, 5% CO2, 5% O2. The next day, an additional 100 µL fresh cell medium was added per well. Monocultures were maintained in 200 µL RPMI1640 medium, while co-culture spheroids were cultured in equal volumes of DMEM and RPMI1640 supplemented with FBS, penicillin, streptomycin, and L-glutamine, as described. Culture media were changed every second to every third day by carefully removing 100 µL and adding 100 µL fresh medium. Phase object confluence was used as a surrogate parameter representing the quantification of spheroid formation. Generation of compact spheroid structures was quantified using the IncuCyte ZOOM microscope and the built-in software. Masking was performed using the following settings: segmentation adjustment: 1, Hole fill: 30 000 µm2, Filtered minimum area: 5 000 µm2.



Gene Expression Analysis

To prepare samples for gene expression analysis, cells were collected by scraping in ice-cold phosphate-buffered saline (PBS), pelleted by centrifugation and immediately frozen at –80°C. Ribonucleic Acid (RNA) was harvested using the RNeasy MINI KIT (74104, QIAGEN, Venlo, Netherlands) according to the manufacturer’s protocol. Deoxyribonucleic Acid (DNA) was removed using the RNase-Free DNase set (79254, QIAGEN, Venlo, Netherlands). Complementary DNA (cDNA) was made by High-Capacity cDNA Reverse Transcription Kit (4368813, Thermo Fisher Scientific, Waltham, MA) according to the manufacturer’s instructions. Real-time quantitative Polymerase Chain Reaction (RT-qPCR) was performed with three technical replicates of 1 µL and 5 µL of total volume as described in Dyrstad et al. (56) with the following probes from Applied Biosystems (Thermo Fisher Scientific, Waltham, MA); AXL (hs01064444), CDH1 (hs01023894), CDH2 (hs00983056), VIM (hs00185584), GAS6 (hs01090305) and Eukaryotic 18S rRNA Endogenous Control (4310893E). Fold change gene expression was calculated by the 2–ΔΔCt method normalizing against the gene expression in HCC827 parental cells.



Western Blotting

To prepare lysates for western blotting, cells were washed with ice-cold PBS, collected by scraping in PBS on ice, pelleted by centrifugation, and lysed in Radioimmunoprecipitation assay (RIPA) buffer (sc-24948A, Santa Cruz Biotechnology, Dallas, TX). Protein concentration was measured using Pierce BCA Assay Kit (#23225/23227, Thermo Fisher Scientific, Waltham, MA). Lysates were dissolved in water with BIO-RADxT sample buffer (#1610791, Bio-Rad, Hercules, CA), incubated for 5 min at 90°C and collected by centrifugation. 10 µg protein were loaded per well on 4%-20% Mini-PROTEAN TGX Stain-Free Gels (#4561096, Bio-Rad). The proteins were separated by electrophoresis at 90 V for 10 min, followed by 130 V for 1 h. To allow total protein quantification, the stain-free gels were activated by 2.5 min exposure to ultraviolet (UV) light (ChemiDoc XRS+, Bio-Rad). Semi-dry blotting to a Trans-blot turbo mini-size low-fluorescence polyvinylidene difluoride (LF PVDF) membrane (#1704156, Bio-Rad) was performed was performed using the Bio-Rad Trans-Blot system (2.5 A, 25 V, 7 min). Tris-Glycine SDS (TGS) buffer (#1610772, Bio-Rad) was used for the transfer. Images of the total protein amount of the membrane were captured directly after the transfer, and these images were later used for normalization against total protein for further quantifications of western blots as described for stain-free gels by the manufacturer (ChemiDoc XRS+, Bio-Rad) and by Gürtler et al. (57). Membranes were blocked with 5% Bovine Serum Albumin (BSA) (A2058, Sigma-Aldrich) or 5% non-fat dry milk in tris-buffered saline (TBS) with 0.1% Tween-20 (TBS-T) and incubated with primary antibody overnight at 4°C. Primary antibodies used: anti-CDH1 (1:1000, 14472S, Cell Signaling Technology); anti-CDH2 (1:500, ab18203, Abcam); anti-VIM (1:5000, ab92547, Abcam). Membranes were washed 3x for 5 min with TBS-T and incubated for 1 h at room temperature with 1:10,000 of goat anti-mouse Horseradish Peroxidase (HRP) (#170-6516, Bio-Rad) or goat-anti-rabbit HRP (#170-6515, Bio-Rad) secondary antibodies. Chemiluminescent substrate was added (Super Signal West Femto Maximum Sensitivity Substrate, #34095, Thermo Fisher Scientific), and chemiluminescence was measured by Molecular Imager ChemiDoc XRS+ (Bio-Rad). The ImageLab v5.0 (Bio-Rad) software was used for analysis and quantification of the results.



Immunocytochemistry and Confocal Imaging

For immunocytochemistry (ICC), 20,000 cells/well were seeded in 24-well plates containing crystal clear German glass coverslips with Poly-D-lysine coating (#GG-12-PDL, Neuvito Corporation, Vancouver, WA). The cells were allowed to attach to the coverslips overnight. Cells were washed in PBS and fixed with 3.7% formalin for 15 min at room temperature. The cells were then washed with PBS with 0.1% Tween-20 (PBS-T), permeabilized with 0.3% Triton X-100 for 20 min, and blocked with 5% goat serum (G9023, Sigma-Aldrich) for one hour at room temperature. Incubation with primary antibody against CDH1 (#14472S, Cell Signaling Technology, 1:100) and VIM (ab92547, Abcam, 1:100) or TUBA1A (ab7291, Abcam, 1:1000) overnight at 4°C was followed by washes and one hour incubation with secondary antibodies (goat anti-mouse AF488, 1:200, A11029, Thermo Fisher Scientific and goat anti-rabbit AF546, 1:200, A11035, Invitrogen, Carlsbad, CA) at room temperature. Cells were washed and mounted with ProLong™ Diamond Antifade Mountant with 4′,6-diamidino-2-phenylindole (DAPI) (#P36962, Molecular Probes, Eugene, OR). Images were obtained on a Leica TCS SP8 confocal microscope using 100x objective (HC PL Apo STED white, oil, NA = 1.4, WD = 0.13 mm).



Lentiviral Expression Plasmids and Fluorescence-Activated Cell Sorting

Lentiviral expression plasmids encoding Enhanced Green Fluorescent Protein (EGFP) or Discosoma Red Fluorescent Protein (dsRed) were produced as previously described (58). Triple transfection of HEK293 packaging cells was performed with the expression plasmid, accompanied by the pMD2.G packaging plasmid and pVSV-G envelope plasmid (Tronolab) as described previously (59). Cell populations were sorted twice by fluorescence-activated cell sorting (FACS) (Sony SH800) to obtain cell populations containing high percentages of stably transduced cells with medium-high transgene expression. Stably transduced and FACS sorted cells were subsequently used for live-cell imaging.



Characterization of Heterotypic Co-Culture Spheroids by Confocal Microscopy and Reconstruction in IMARIS

Heterotypic co-culture spheroids made of ER3-GFP (750 cells) and SV80-dsRed (1 500 cells) were harvested ten days post seeding, fixed, stained with Hoechst, and imaged by confocal microscopy. Briefly, the spheroids were collected by centrifugation and resuspended in 2 mL 3.7% formalin in PBS. The spheroids were incubated with the fixative for 10 min at room temperature. The spheroids were centrifuged and resuspended in 1 mL 1 µg/mL Hoechst solution in PBS. The spheroids were stained in the Hoechst solution at 4°C until microscopy was performed at a Zeiss confocal microscope eight days later. IMARIS was used to reconstruct the 3D z-stack images (18 images covering a depth of 71.77 µm).



Paraffin Embedding of Spheroids

Heterotypic 3D cultures were harvested after seven days of culture and captured in either a clot made of fibrin and thrombin or in agarose gel before embedding in paraffin according to standard procedures. Briefly, the spheroids were fixed in 3.7% formalin overnight at room temperature. Spheroids were then collected by centrifugation and briefly counterstained with methyl green for 2 min. Following a wash to remove excess stain, the spheroids were captured in a blood clot or agarose gel as indicated in the figure legends. For clot capture, 20 µL of human blood plasma was added to the spheroids and mixed well to ensure good coating necessary for a successful cast when 10 µL of 100 U/mL thrombin was added to the plasma coated spheroids to make a coagulate. For embedding in agarose gel, spheroids were resuspended in 100 μL pre-warmed 1.5% agarose (Sigma, A9045) in TBS (Bio-Rad, #1706435), and incubated at 4°C for 30 min for the agarose gel to solidify. In both cases, the gel or clot containing spheroids were transferred to a cell safe biopsy capsule (CellPath, EBE-0201-02A, UK and Simport, M498-2, Canada) and stored in 70% ethanol until paraffin embedding according to standard protocols performed at the molecular imaging center (MIC) core facility at the Department of Biomedicine, University of Bergen. The paraffin-embedded spheroids were further sectioned by a microtome into 5 μm sections and collected at SuperFrost+ slides (10149870, Thermo Scientific). Spheroid sections were stained with Hematoxylin and Eosin (H&E) following standard procedures or processed for immunohistochemistry (IHC) or imaging mass cytometry (IMC), as described below. Images of the H&E stained sections were used for spheroid diameter quantification using the built-in measuring tool in Fiji (60, 61).



Immunohistochemistry of Paraffin Embedded Tissue-Sections With Fluorescent Detection (IHC-P/IF)

Formalin-fixed paraffin-embedded (FFPE) slides were deparaffinized in xylene (2x 10 min) and hydrated in an ethanol (EtOH)-series of decreasing concentration. Briefly, 2x 5 min in AbsEtOH, 2x 5 min in 96% EtOH, 1x 5 min in 70% EtOH, 1x 5 min in 50% EtOH, and finally rehydrated in water (2x 5 min in Milli-Q water). Heat-induced antigen retrieval was conducted in DAKO Target Retrieval Solution (Dako, s1699) for 30 min at 95°C using a decloaking chamber (Decloaking Chamber NxGen, Biocare Medical). When the decloaking chamber cooled down and reached a temperature of 80°C, the slides in retrieval buffer solution were taken out and placed at room temperature for 20 min to cool down. Slides were then washed for 10 min in Milli-Q water and 10 min with PBS-T with gentle agitation. The remaining water was wiped off, and the tissue was encircled with a hydrophobic pen (DAKO, S2002, Glostrup, Denmark). Blocking buffer (5% BSA in PBS-T) was added immediately to avoid tissue from drying out, and slides were incubated in blocking buffer for 1 hour at room temperature in a humidity chamber. Subsequently, the slides were stained with primary antibody (Table 2) overnight at 4°C. The next day, slides were washed 3x5 min with PBS-T and incubated with fluorescence tagged secondary antibodies for 1 h at room temperature. The secondary antibodies were diluted 1:200 in 0.5% BSA in PBS-T. Slides were washed 3x in PBS and mounted with Prolong DAPI Diamond (P36962, Thermo Fisher Scientific). Samples stained with fluorescent secondary antibodies were imaged with a Zeiss Collibri7 microscope.


Table 2 | Antibodies for western blot (WB), Immunocytochemistry with immunofluorescent detection (ICC/IF), and Immunohistochemistry of paraffin sections with immunofluorescent detection (IHC-P/IF).





Imaging Mass Cytometry (IMC)

Deparaffinization, antigen retrieval, and blocking were performed as described for (IHC-P/IF) above. Primary antibodies were either purchased in ready to use format from Fluidigm or conjugated with metal isotopes in-house using the Maxpar® X8 Multimetal Labeling Kit (201300, Fluidigm). Antibodies were centrifuged for 2 min at 1000 g at 4°C to remove any potential precipitates of aggregated antibodies before all antibodies were added into a cocktail and diluted in 0.5% BSA in PBS as specified in Table 3. After blocking, the antibody cocktail was added to the tissue sections and incubated overnight at 4°C. The following day, the slides were washed for 2x8 min in PBS-T followed by 2x8 min washes in PBS. All washing steps were performed with gentle agitation. Subsequently, the tissue was stained with 250 μM Intercalator-Irridium (Ir, Fluidigm, 201192B) in PBS for 30 min at room temperature. The slides were washed for 5 min in PBS followed by 5 min Milli-Q water under gentle agitation. Slides were dried at room temperature and stored in a dust-free and dry container with desiccants until laser ablation by the Hyperion Imaging System (Fluidigm) coupled to a Helios time-of-flight mass spectrometer (Fluidigm). Five regions of interest (ROIs), each containing a single spheroid, were ablated for each sample. MCD-files created by the CyTOF® Software v7.0 was processed in MCD viewer (Fluidigm) to create pseudo-colored images for marker expression visualization.


Table 3 | List of IMC antibodies.





Single Cell Segmentation and High-Dimensional Analysis of IMC Data

Pre-processing and single-cell segmentation of IMC images were performed using the Steinbock pre-processing pipeline; https://bodenmillergroup.github.io/steinbock/v0.9.1/ (62). Each heavy metal channel comprises a staining intensity image of a single protein marker or DNA intercalator. All image channels were first subjected to a 99.5% upper threshold to remove high outlier pixels. Single-cell segmentation masks were generated using Mesmer and the pre-trained MultiplexSegmentation dataset (63), using Histone H3 or Ir191/193 to identify nuclei and GFP and RFP to identify cytoplasm. For the treated spheroid dataset, an additional distance-to-border image channel was generated as described previously (64). Briefly, a classifier was trained within the Ilastik software (65) to recognize pixels as either spheroid or background and the resulting probability images were exported into the CellProfiler software to make binary masks of the spheroid areas. These masks were then used to generate a distance-transformed image using the TransformBinary module (ImcPluginsCP, https://github.com/BodenmillerGroup/ImcPluginsCP), where the value of each pixel within the spheroid area represents the minimum distance to a non-spheroid (background) pixel. Mean pixel intensity data was extracted for each image channel for each cell in the segmentation masks. CSV files containing the corresponding single-cell data were exported for further downstream analysis using the Cytobank software. Single-cell data were then gated based upon GFP and RFP expression and marker expression was visualized in heatmaps generated in Cytobank or exported to GraphPad Prism for visualization of single markers in histograms, and the distance to border parameter was visualized in violin plots. The t-Distributed Stochastic Neighbor Embedding (tSNE) algorithm was applied on the ungated population using the Cytobank software (tSNE-CUDA advanced analysis). The following settings were used for the untreated samples: all events included (no downsampling, total events: 14 271), 750 iterations, perplexity = 30, learning rate automatic (1189), early exaggeration 12, random seed, scales of each tSNE channel normalized to have a mean of 0 with a standard deviation of 1, channels used in tSNE: EGFR, CDH1 (E-cadherin), and VIM (vimentin). The following settings were applied for the treated samples: equal downsampling (2,147 × 4 files = 8,588 total events), 750 iterations, perplexity = 30, learning rate automatic (715), early exaggeration 12, random seed, scales of each tSNE channel normalized to have a mean of 0 with a standard deviation of 1, channels used in tSNE: EGFR, CDH1 (E-cadherin), VIM (vimentin), MET (c-Met), pan-cytokeratin, GFP and RFP.



Statistics

Data are presented as mean values +/- standard deviations (SD) or as fold changes from a representative experiment if not otherwise indicated in the figure legends. One-way Analysis of variance (ANOVA) followed by Tukey’s multiple comparisons test or non-parametric Mann-Whitney U-test was performed as described in the figure legends. Statistical analyses were performed using the GraphPad Prism software version 9.3.0 if otherwise is not stated in the figure legends. For the IMC data, statistical significance in absolute cell counts and channel expression values were calculated in cytobank using the Mann-Whitney U-test. The following symbols are given to report statistical significance: ns = P > 0.05, *P ≤ 0.05, **P ≤ 0.01, ***P ≤ 0.001, ****P ≤ 0.0001.




Results


Cell Models of Acquired Drug Resistance Against EGFR Targeted Therapies

To produce isogenic cell lines displaying a range of epithelial-mesenchymal phenotypes, several models were established. The human NSCLC cell line HCC827 harbors an activating EGFR mutation (E746–A750 deletion). This activating EGFR mutation renders the cells sensitive to EGFRi, including erlotinib. To generate a model of acquired resistance, HCC827 cells were exposed to erlotinib in vitro to generate erlotinib-resistant (ER) clones, as previously described (54, 55). In 2D culture, parental HCC827 cells display an epithelial phenotype characterized by the expression of CDH1 (E-cadherin). In contrast, the erlotinib-resistant clones ER3 and ER10 are characterized by upregulation of VIM (vimentin) and downregulation of CDH1 (E-cadherin) (Figure 1A). The cadherin-switch and upregulation of the mesenchymal marker VIM (vimentin) are characteristic features of cells that have undergone EMT and gained a more mesenchymal phenotype. Compared to the epithelial cobblestone-like morphology of parental HCC827 cells, the ER3 and ER10 cells display a mesenchymal-like spindle-shaped morphology as visualized by staining the cytoskeletal component TUBA1A (alpha-tubulin) (Figure 1B). The mesenchymal phenotype of ER3 and ER10 cells was confirmed by western blotting (Figure 1C, quantified in Figure 1D, corresponding total protein images used for normalization in Figures S1A, B). Transcriptional alterations in the genes encoding CDH1, CDH2, and VIM were also analyzed, and the pattern of downregulated CDH1 and upregulated CDH2 and VIM in ER3 and ER10 cells compared to parental HCC827 cells were confirmed at the transcriptional level by RT-qPCR (Figure 1E). In addition, the receptor tyrosine kinase AXL and its ligand GAS6 were found to be transcriptionally upregulated in ER3 and ER10 cells compared to the parental cell line HCC827 (Figure S1C). The shift towards a mesenchymal phenotype upon erlotinib resistance, as observed in ER3 and ER10 cells, is consistent with previous findings from our laboratory and others (54, 66). Epithelial and mesenchymal markers were further assessed by western blotting for two additional erlotinib-resistant clones derived from the HCC827 cell line, namely ER20 and ER30 (Figure 1C, quantified in Figure 1D, corresponding total protein images used for normalization in Figures S1A, B). A prominent increase in VIM (vimentin) expression was observed in ER20 and ER30. However, the ER20 and ER30 clones did not display an increase in CDH2 (N-cadherin) expression as observed in ER3 and ER10. Furthermore, ER30 did not show downregulation of the epithelial marker CDH1 (E-cadherin), as observed in ER3, ER10 and ER20. It has been described previously by Terp and colleagues that ER30 carries a MET (c-Met) amplification which is a known resistance mechanism against EGFRi, indicating a genetic driver of resistance in the ER30 clone (55).




Figure 1 | Resistance to first- and second-generation EGFR inhibitors is associated with features of EMT. (A) Immunocytochemistry of HCC827 parental cells and the erlotinib-resistant clones ER3 and ER10 for the epithelial marker CDH1 (E-cadherin) and the mesenchymal marker VIM (vimentin) to examine markers of epithelial plasticity upon acquired drug resistance. Counterstain by DAPI. Scalebar = 30 μm. (B) TUBA1A (alpha-tubulin) immunocytochemistry of the cells described in (A) were applied to reveal the phenotypic shift in cell morphology. Counterstain by DAPI. Scalebar = 30 μm. (C) Western blots were prepared with lysates from the HCC827 parental cells and the erlotinib-resistant clones ER3, ER10, ER20, and ER30 H1975 parental cells and the clones COR1-1 and COR10-1 resistant to the second-generation EGFR inhibitor rociletinib. Immunodetection of epithelial marker CDH1 (E-cadherin) (135 kDa), mesenchymal markers CDH2 (N-cadherin) (135 kDa), VIM (vimentin) (54 kDa). Western blot analysis was repeated n = 3 times, and a representative experiment is presented in the figure. (D) Quantification of the western blot presented in (C) normalized against total protein presented in Supplementary Figure 1A (VIM and CDH1) and B (CDH2). Fold change values for the resistant clones ER3 and ER10 relative to their parental cell line HCC827 (E) Expression of transcripts encoding CDH1, CDH2, VIM, assessed by RT-qPCR on cDNA prepared from HCC827 parental, ER3, and ER10 cells. RT-qPCR analyses were repeated n = 3 times, and representative results from one experiment with n = 3 technical replicates are presented in the figure as mean fold change +/- SD calculated by the 2–ΔΔCt method. Two-way ANOVA followed by Tukey’s multiple comparison test comparing ER3 and ER10 against the parental cell line showed that for all genes, the gene expression of all genes in both ER3 and ER10 were significantly different from the parental cells (P < 0.0001). (F) Quantification of the western blot presented in (C) normalized against total protein presented in Supplementary Figure 1A (VIM and CDH1) and B (CDH2). Fold change values for the resistant clones COR1-1 and COR10-1 relative to their parental cell line H1975. ****P ≤ 0.0001.



As EMT has also been established as a mechanism of resistance to third generation EGFRi, we sought to include a model of isogenic NSCLC cells sensitive or resistant to third generation EGFRi. In this additional cell model, we utilized NSCLC cells from the cell line H1975. The H1975 cell line is resistant to erlotinib due to a T790M mutation that increases the affinity of the EGFR receptor for ATP relative to its affinity to erlotinib. Along with other cell lines harboring T790M mutations, H1975 cells remain sensitive to the third-generation EGFR-inhibitor rociletinib (also referred to as CO-1686). Two rociletinib-resistant (COR) clones derived from H1975 cells, COR1-1 and COR10-1, were included in this study. Investigation of EMT markers by western blot analyses for these cell lines (Figure 1C, quantified in Figure 1F, corresponding total protein images used for normalization in Figures S1A, B) were performed. We found that, like the mesenchymal-like erlotinib-resistant cell lines derived from HCC827, the COR1-1 and COR10-1 rociletinib-resistant cells derived from H1975 cells, displayed a reduction in CDH1 (E-cadherin), a moderate upregulation of CDH2 (N-cadherin), and a prominent upregulation of VIM (vimentin) compared to the H1975 parental cells (Figures 1C, F).



Epithelial Phenotype Correlated With High Spheroid Forming Capacity in Homotypic 3D Spheroid Cultures

From the cell line models characterized above, we aimed to generate a 3D cell mono- and co-culture system comprising NSCLC cells of various phenotypes and fibroblast cell lines SV80 or MRC-5. The method for spheroid generation was adapted from Amann et al. (67), and described schematically in Figure 2A. First, to test the impact of epithelial-mesenchymal phenotype on the spheroid formation capacity of the generated cell line clones, we tested the ability of the various clones to aggregate and generate multicellular 3D spheroids in monoculture (Figure 2B, left), and next as heterotypic co-culture spheroids (Figure 2B, right). Briefly, for both monoculture and co-culture spheroids the seeded cells were monitored as they self-aggregated in the wells of U-shaped ultra-low attachment 96-well plates. Phase-contrast images obtained every second hour by the IncuCyte platform revealed that the epithelial HCC827 cells formed compact 3D spheroids when aggregated as a monoculture (Figure 3A). In contrast, the mesenchymal-like ER cells (ER3 and ER10 clones) did not generate tight spheres and only loosely adhered to each other in ‘grape-like’ structures (Figure 3A). As described above, the ER20 and ER30 cells do not display the same degree of mesenchymal phenotype as ER3 and ER10, and the ER20 and ER30 cells were able to form more tightly packed spheroids than the mesenchymal sub-clones (ER3 and ER10) in monoculture (Figure S2A).




Figure 2 | Spheroid formation model. (A) Model figure depicting the generation of 3D monoculture spheroids in round bottom ultra-low attachment plates. (B) The efficiency of spheroid formation is closely linked to the degree of EMT, and the epithelial cells generated spheroids in monoculture much more efficiently than the mesenchymal cells. In contrast, both epithelial and mesenchymal phenotypes were able to form spheroids when co-cultured with fibroblasts. Figure created with biorender.com.






Figure 3 | Monitoring cell aggregation and 3D spheroid formation ability in real time using the IncuCyte live cell imaging system. (A) The lung adenocarcinoma cell line HCC827 and erlotinib-resistant sub-clones of this cell line (ER3, ER10) were cultured as homotypic spheroids (upper panel) and in combination with lung fibroblast cell lines SV80 (middle panel) or MRC-5 (lower panel). Images were obtained with the IncuCyte live cell imaging system 24 h after seeding in the ultra-low attachment (3D) 96-well plates. The IncuCyte confluence mask (yellow) was generated for the quantification shown in (C, D). (B) The NSCLC cell line H1975 and rociletinib-resistant sub-clones (COR1-1 and COR10-1) were cultured as homotypic spheroids (upper panel) or in combination with lung fibroblast cell lines SV80 (middle panel) or MRC-5 (lower panel). Images were obtained with the IncuCyte live cell imaging system 24 h after seeding in the ultra-low attachment (3D) 96-well plates. Spheroid formation efficiency was measured by quantification of the object confluence measured by the IncuCyte Zoom microscope and software-generated confluence mask (yellow) in HCC827, ER3, or ER10 cell monocultured spheroids or as heterotypic co-culture spheroids together with (C) SV80 or (D) MRC-5. Object confluence over the 24 h time-course and the values for the 24 h endpoint is given. Spheroid formation assays were repeated at least three times, and representative results from one experiment with n = 6-10 technical replicates are presented as mean +/- SD. One-way ANOVA followed by Tukey’s multiple comparisons test was performed to calculate statistical differences in object confluence at 24 h. ****P ≤ 0.0001. ns, not significant.



A comparable pattern of aggregation and spheroid formation was observed in the H1975 cell model, where the mesenchymal-like EGFRi-resistant sub-clones COR1-1 and COR10-1 remained as ‘grape-like’ aggregates of cells and did not form compact spheroid structures in monoculture, as observed in the epithelial parental H1975 monocultures (Figure 3B and S2B). Spheroid formation in monoculture was inversely correlated with the extent of the mesenchymal phenotype in HCC827 and H1975 cells with corresponding resistant clones (Figures 2B, 3A–D, S2A, B).



Co-Culture With Fibroblasts Facilitated Spheroid Formation in Carcinoma Cells With Mesenchymal-Like Phenotypes

Next, we aimed to evaluate if co-culture with fibroblasts could allow a more efficient generation of multicellular spheroids and enable studies of both epithelial and mesenchymal-like cells in physiologically relevant heterotypic 3D cultures (Figure 2B, right). We found that the HCC827 and H1975 parental cell lines and all EGFRi-resistant clones derived from these cells were able to form compact heterotypic spheroids when seeded as co-cultures together with the lung fibroblast cell lines SV80 or MRC-5 (Figures 2B, 3A, B). Thus, while epithelial cells were also able to form spheroids in monoculture, only co-culture with fibroblasts facilitated formation of compact spheroids in the mesenchymal-like phenotypes. To conclude, by introducing fibroblasts to the culture, the study of carcinoma cells of both epithelial and mesenchymal phenotypes in more physiologically relevant 3D cultures was enabled.



The Impact of Epithelial-Mesenchymal Phenotype and Fibroblast Co-Culture on Spheroid Formation Dynamics

To gain more insight into the dynamics of spheroid formation from mono- and co-culture cell aggregates, we monitored the spheroid formation in real-time by obtaining phase-contrast images of the cultures every two hours. The IncuCyte Zoom microscope system was applied for live-cell imaging in this study. Using the built-in IncuCyte Zoom software, a confluence mask was generated for each image (Figures 3A, B). The confluency mask, visualized in yellow in the images on the right side of Figures 3A, B, was applied to quantify the object confluence, which was used as a surrogate marker of spheroid formation ability in this study. Time-lapse IncuCyte imaging and quantification of object confluence (Figures 3C, D) showed that the mesenchymal clones ER3 and ER10 formed compact spheroid structures with similar kinetics as epithelial HCC827 cells in co-culture with SV80 or MRC-5 fibroblasts. This result confirms the results observed by visual inspection of images in Figures 3A, B.



Histology and Tissue Organization of the 3D Heterotypic Spheroids

As co-culture with fibroblasts also allowed for spheroid formation by the mesenchymal-like clones, we decided to further characterize the spheroid models made by the parental epithelial cell line HCC827, or the mesenchymal-like erlotinib-resistant clone ER3, cultured alone or in combination with the SV80 fibroblast cell line. To characterize the morphology of the generated homotypic and heterotypic spheroids at the microscopic level, the spheroids were formalin-fixed and embedded in paraffin. H&E staining of the paraffin sections was performed to observe the histology of the spheroids (Figure 4). At the microscopic level, it is evident that the mesenchymal ER3 cells cannot form solid spheroids in monoculture, and the ER3 cells remain only loosely attached as single-cell or as smaller ‘grape-like’ aggregates, as observed scattered throughout the casting matrix used for collection and embedding (Figure 4A). The HCC827 parental cells, on the other hand, grouped together to form a thick layer of disorganized cancer cells (Figure 4A). The fibroblasts in monoculture formed solid compact homotypic spheroids. Upon heterotypic co-culture with SV80 fibroblasts, both HCC827 parental cells and ER3 cells formed compact spheroids (Figure 4B). For HCC827 and SV80 monoculture spheroids, as well as both heterotypic spheroids, central areas of hypoxia could be observed in a majority of the spheroids.




Figure 4 | Histological characteristics of homotypic and heterotypic co-culture spheroids. (A) Monoculture spheroids of HCC827 parental cells, the erlotinib-resistant clone ER3, and the fibroblast cell line SV80 were cultured for seven days in ultra-low attachment plates before fixation, paraffin embedding, and sectioning. Spheroids are stained with hematoxylin and eosin (H&E). ER3 cells formed only loosely attached clusters of cells captured in a thrombin gel before paraffin embedding. (B) Heterotypic co-culture spheroids consisting of SV80 fibroblasts and HCC827 parental or ER3 cells in a 2:1 ratio. Spheroids were cultured for seven days in ultra-low attachment plates before fixation, paraffin embedding, and sectioning. Spheroids are stained with H&E. The light pink matrix surrounding the loosely attached cell clusters of ER cells, and the spheroids is the serum-thrombin clot used to cast the spheroids. Magnification is indicated.





Intra-Spheroid Organization of Epithelial and Mesenchymal Carcinoma Cells When Co-Cultured With Fibroblasts

To enable a simple and reliable model system where various cell types in the co-culture system could be easily distinguished, the HCC827, ER3, and ER10 cancer cells were transduced by lentiviral vectors harboring GFP and the SV80 fibroblasts were transduced with lentiviral vectors harboring dsRed fluorescent protein. The transduced cells were sorted by FACS based on the expression of the fluorescent transgene to obtain a homogenous population of transgene expressing cells. Subsequent time-lapse fluorescence imaging by IncuCyte Zoom microscope was applied to explore in real time the ability of ER3 and SV80 cells to aggregate to form spheroid structures (Figure 5A). The dynamics of spheroid formation from cell aggregates was further characterized by videos capturing the process (Videos S1–S3). These experiments confirmed that the ER3 GFP-labeled cells do not form solid spheroids and are still only loosely attached in grape-like structures 24 h post-seeding (Figure 5A and Video S1). The SV80 fibroblasts, on the other hand, readily formed compact round multicellular structures, and as soon as six hours post-seeding, a red fluorescent signal was detected from solid spherical structures with a well-defined border (Figure 5A and Video S2). We obtained comparable results with another fibroblast cell line, MRC-5 (data not shown). The co-culture aggregates containing the ER3 GFP-labeled cells and the SV80 dsRed-labeled fibroblasts also formed compact spheroids within six hours post-seeding (Figure 5A, Video S3).




Figure 5 | Real-time spheroid formation and compound penetration in the 3D heterotypic co-culture spheroids made of fluorescent transgene expressing cells. (A) HCC827 ER3 cells and SV80 fibroblast cells were stably transduced by lentiviral particles harboring the GFP and dsRed transgene, respectively. Transduced cells were subsequently sorted by FACS to obtain a population of cells with a uniform transgene expression. 3D spheroid formation was studied by time-lapse imaging using the IncuCyte system. Images were obtained every 2 h using 4x objective. Representative images from the 0-24 h time interval are shown for homotypic ER3 and SV80 cells, as well as the ER3 and SV80 heterotypic spheroids. Scalebar = 500 μm. (B) The illustration shows a 3D heterotypic co-culture spheroid of HCC827ER3 (GFP) and SV80 (dsRed) counterstained by Hoechst (blue). Images obtained by Zeiss confocal microscope. Z-stack depth = 71.77 µm. Reconstruction by IMARIS software. Scale bar: 100 µm. (C) ER3 and SV80 heterotypic spheroids were stained for 7 days with Hoechst to visualize the penetration of drugs of comparable size.



To further characterize the inter-cellular structure of the heterotypic spheroids, spheroids formed by fluorescent cells were harvested 10-days post-seeding and stained with Hoechst for visualization of nuclei by confocal microscopy (Figure 5B). A 3D projection was generated from the confocal images using the IMARIS software. This 3D z-stack reconstruction showed that in the heterotypic co-culture spheroids consisting of GFP-positive ER3 cells and dsRed positive SV80 cells, the mesenchymal-like ER3 cancer cells tend to be localized inside the spheroid surrounded by the fibroblasts. Furthermore, we observed that the Hoechst nuclear dye (MW 452.6) could not penetrate the whole structure, and the Hoechst stain is therefore only seen at the outer rim of the spheroid (Figures 5B, C). An animation of the 3D projection (Figure 5B) made in IMARIS is shown in Video S4.



In-Depth Characterization of Mono- and Co-Culture Spheroids Using Immunohistochemistry and Imaging Mass Cytometry

For in-depth molecular analysis, an imaging mass cytometry antibody panel containing 14 heavy metal-tagged antibodies (Table 3) was developed. The panel includes markers of EMT, proliferation, and extracellular matrix proteins. Antibodies against GFP and RFP were included in the panel to allow efficient and endogenous marker-independent separation of the cell types in the images for further downstream analysis. For each condition, five ROIs containing a single spheroid were ablated with a Hyperion imaging mass cytometer, and representative pseudo-colored images of selected markers from the panel are displayed in Figures 6A–E. The GFP and RFP staining confirmed that ER3 cells were found scattered in between the SV80 fibroblast cells in the heterotypic ER3-SV80 co-culture spheroid. In contrast, for the heterotypic HCC827-SV80 spheroids, a different organization and a more prominent self-sorting of the cells was observed. The HCC827 cells were localized towards the edge (cortex) of the spheroid when co-cultured with the fibroblasts, and the fibroblasts were found in the center (medulla) of the spheroid (Figure 6A). The proliferation marker MKI67 (Ki67), visualized together with GFP and RFP, indicated that the SV80 fibroblasts are highly proliferative (Figure 6B). The organization of the heterotypic HCC827-SV80 spheroids was also confirmed by CDH1 (E-cadherin) and VIM (vimentin) staining, as VIM (vimentin) is only expressed in the mesenchymal SV80 fibroblasts while CDH1 (E-cadherin) is only expressed in the HCC827 cells (Figure 6C). We also observed EGFR expression only in the mono- and co-culture spheroids containing HCC827 or ER3 cells and not in the SV80 monoculture spheroids (Figure 6D). In contrast, collagen type 1 was only observed in SV80-containing spheroids (Figure 6E), indicating that the fibroblasts are the sole cell type responsible for the observed collagen deposits in this model system. The organization of the cells within the heterotypic spheroids of both HCC827 and ER3 when co-cultured with SV80 fibroblasts was also confirmed by IHC-P/IF using an antibody explicitly targeting the EGFRdel19 mutation present in the HCC827 parental cell line and conserved in the ER3 cells (Figure 6F).




Figure 6 | Characterization of spheroids using immunohistochemistry with fluorescent detection and imaging mass cytometry. HCC827-GFP monoculture, HCC827-GFP + SV80-dsRed co-culture, ER3-GFP + SV80-dsRed co-culture, and SV80-dsRed monoculture spheroids were stained with an imaging mass cytometry panel of 14 heavy metal-tagged antibodies (Table 3). For each condition, five ROIs containing a single spheroid were ablated by a Hyperion imaging mass cytometer (Fluidigm, Inc.). Representative ROIs are displayed showing (A) GFP and RFP, (B) GFP, RFP and MKI67 (Ki67), (C) CDH1 (E-cadherin), and VIM (Vimentin), (D) GFP and EGFR, (E) and Collagen 1. DNA staining displayed in all images is a combination of Iridium intercalator stain (Ir191 and Ir193) and Histone H3. Images were pseudo-colored in MCD viewer software (Fluidigm) to enable visualization of multiple channels per ROI, and for each channel the minimum and maximum intensity display settings are manually set to be kept constant between the samples. Scalebar = 50 µm (F) Immunohistochemistry staining with the EGFRdel19 mutation-specific antibody and AF647 fluorescence tagged secondary antibody together with DAPI counterstain. Fluorescent images were taken with a Zeiss Collibri7 fluorescence microscope.



Single-cell expression data was generated by segmenting the images generated by IMC based on nuclei and GFP/RFP marker expression. The single-cell data were then gated based upon GFP and RFP transgene expression (Figure S3) and the median fluorescence intensity of the remaining markers was visualized in heatmaps for the ungated, GFP+ and RFP+ populations across the different spheroid groups (Figures 7A and S4, median fluorescence intensity values listed in Figure S4). The tSNE algorithm was further applied on the ungated population based upon expression of the three markers: EGFR, CDH1 (E-cadherin), and VIM (vimentin). Visualization of the tSNE parameters (viSNE) displaying the distribution of cells from the different samples is shown in Figure 7B. HCC827 cells were well separated from the ER3 and SV80 cells on the viSNE plot, while the mesenchymal ER3 cells and SV80 fibroblasts were partially overlapping. The expression of EGFR, CDH1 (E-cadherin), VIM (vimentin), MKI67 (Ki67), and collagen type 1 is visualized in Figure 7C and the remaining markers in Figure S5.




Figure 7 | In-depth analysis of imaging mass cytometry single-cell data from mono- and co-culture spheroids. (A) Single-cell expression data obtained from segmentation of the imaging mass cytometry experiment are displayed as a heatmap of the ungated (left), GFP+ (middle) and RFP+ (right) populations. Single-cell data was first generated as the mean pixel intensity for each cell, and the median intensity of all cells within a given population is displayed in the heatmaps. (B) The tSNE algorithm was applied on the ungated population based upon expression of the three markers EGFR, CDH1 (E-cadherin), and VIM (vimentin). viSNE plots displaying the distribution of cells from the different samples. (C) Marker expression of EGFR, CDH1 (E-cadherin), VIM (vimentin), MKI67 (Ki67), and Collagen type 1 displayed on the viSNE plots.





Drug Response and InDepth Characterization of Erlotinib-Treated Co-Culture Spheroids

As a proof-of-principle to show that the spheroid model utilized in this study is applicable for drug screening experiments, we treated the heterotypic co-culture spheroids consisting of SV80 fibroblasts and either erlotinib-sensitive HCC827 cells or erlotinib-resistant ER3 cells for seven days with either erlotinib (1 µM) or vehicle (DMSO) control. The spheroids were further formalin-fixed and embedded in paraffin. H&E staining of the paraffin sections revealed the histology of the treated spheroids (Figure 8A).




Figure 8 | Characterization of erlotinib-treated heterotypic spheroids using H&E staining and imaging mass cytometry. (A) H&E-stained sections of heterotypic HCC827-GFP + SV80-dsRed co-culture, ER3-GFP + SV80-dsRed co-culture spheroids. (B–F) Paraffin sections of vehicle (DMSO) and erlotinib- treated heterotypic HCC827-GFP + SV80-dsRed co-culture, ER3-GFP + SV80-dsRed co-culture spheroids were stained with an imaging mass cytometry panel of 19 heavy metal-tagged antibodies (Table 3). For each condition, five ROIs containing a single spheroid were ablated by a Hyperion imaging mass cytometer (Fluidigm, Inc.). Representative ROIs are displayed showing: (B) GFP and RFP, (C) epithelial marker CDH1 (E-cadherin) and MUC1 (Mucin1/CD227), (D) GFP, RFP and proliferation marker MKI67 (Ki67), (E) apoptosis marker Cleaved caspase 3 (CC3), and (F) Collagen 1. DNA staining by Iridium intercalator stain (Ir191 and Ir193). Images were pseudo-colored in MCD viewer software (Fluidigm) to enable visualization of multiple channels per ROI, and for each channel the minimum and maximum intensity display settings are kept constant between the samples. Scalebar = 50 µm.



An imaging mass cytometry antibody panel containing 19 heavy metal-tagged antibodies (Table 3) was applied for in-depth molecular analysis of the treated spheroids. Representative pseudo-colored images of selected markers from the panel are displayed in Figures 8B–F. By examining the GFP and RFP staining, we observed significant disappearance of erlotinib-sensitive HCC827 (GFP positive) cells within the HCC827-SV80 co-culture spheroids upon erlotinib treatment (Figure 8B). On the other hand, the presence of erlotinib-resistant ER3 cells appeared intact in the erlotinib treated ER3-SV80 co-cultures (Figure 8B). Also, CDH1 (E-cadherin) and MUC1 (Mucin1/CD227), both markers that are expressed by the epithelial HCC827 cells, were absent in the erlotinib treated HCC827-SV80 spheroids (Figure 8C). By investigating MKI67 (Ki67) expression in the co-cultures, it was revealed that the erlotinib treatment did not impair the proliferative phenotype of the SV80 fibroblast (RFP positive) cell line in either of the spheroid co-culture systems (Figure 8D), and the cleaved caspase 3 (CC3) expression indicates that little or no apoptosis was induced in the SV80 cells upon erlotinib treatment (Figure 8E). Further, a substantial reorganization of the ECM (collagen type 1) was observed in the HCC827-SV80 co-cultures treated with erlotinib (Figure 8F), as the population of HCC827 cells diminished and SV80 cells expanded. In contrast, no major reorganization of the ECM was observed in the ER-SV80 co-cultures.

The visual evaluation of drug response to erlotinib in the HCC827 and ER3 cells when co-cultured with SV80 was also confirmed and quantified by gating the GFP+ and RFP+ cell populations (Figure S6) and quantifying the number of GFP+ cells within the treated spheroids (Figure 9A). As expected from visual inspection, the quantification confirmed that the majority of HCC827 cells did not survive the erlotinib treatment as the number of GFP+ (HCC827) cells decreased dramatically (from 22% to 0.8%) in the HCC827-SV80 spheroids. Less reduction in the number of GFP+ (ER3) cells was observed in the ER3-SV80 spheroids decrease from 4.6% to 2.0% upon erlotinib treatment). In contrast, the number of RFP+ (SV80) cells increased in both co-culture systems, although the increase was only statistically significant in the HCC827-SV80 spheroids (Figure 9B). In accordance with this, we observed no significant difference in the size of the spheroids after erlotinib treatment as measured by the spheroid diameter (Figure 9C).




Figure 9 | In-depth analysis of imaging mass cytometry data from erlotinib treated spheroids. Absolute cell counts for HCC827+SV80 and ER3+SV80 heterotypic spheroids treated with either vehicle control (DMSO) or erlotinib, respectively. Absolute cell counts for (A) GFP+ cells (cancer cells), and (B) RFP+ cells (fibroblasts) is shown. Individual values represent median expression of each ROIs, and the mean +/-SD is plotted. Statistical significance in absolute cell counts were calculated in cytobank using the Mann-Whithey U-test (C) The diameter of erlotinib treated versus vehicle control (DMSO) treated spheroids measured by quantifying H&E-stained images using the measuring tool in Fiji. Mean diameter +/- SD for each condition is shown, and the statistics is performed in GraphPad Prism using the Mann-Whithey U-test. (D–F) Median expression of proliferation marker MKI67 (Ki67) in the nuclei of the RFP+ population (D). Median expression of ACTA2 (αSMA) (E), and PDGFRB (PDGFRβ) (F) in the RFP+ (fibroblast) populations of HCC827+SV80 and ER3+SV80 heterotypic spheroids treated with either erlotinib or vehicle (DMSO) control. Individual values represent median expression for each ROIs, and the mean +/- SD is plotted. Statistical significance in channel expression were calculated in cytobank using the Mann-Whithey U-test (G–I) Distance to border measurements displayed as Violin plots for the (G) ungated (all) population, (H) GFP+ population, and (I) RFP+ population. (J) The tSNE algorithm was applied on the ungated population based upon expression of the markers EGFR, CDH1 (E-cadherin), VIM (vimentin), MET (c-Met), pan-cytokeratin, GFP and RFP. viSNE plots displaying the distribution of cells from the different samples. NS = P > 0.05, *P ≤ 0.05, **P ≤ 0.01.



Quantification of marker expression within the RFP+ (SV80) population revealed no significant change in nuclear MKI67 (Ki67) expression in the co-cultures upon treatment (Figure 9D), further supporting that toxicity is not induced in the fibroblasts upon erlotinib treatment. This was also confirmed by no statistically significant differences in the percentage of MKI67 (Ki67) or phophso-Histone H3 positive cells in either of the populations upon treatment (Figure S7). In the RFP+ population (SV80 cells), we also observed increased median expression of ACTA2 (alpha smooth muscle actin, αSMA) (Figure 9E) and PDGFRB (platelet derived growth factor receptor beta, PDGFRβ) (Figure 9F) after erlotinib treatment, indicative of a more CAF-like phenotype. Nuclear HIF1A (hypoxia inducible factor 1 subunit alpha, HIF1α) was also upregulated in the RFP+ population of ER3+SV80 spheroids upon erlotinib treatment (Figures S8A, B). No statistically significant differences in the DNA staining by Iridium intercalator (Ir191 and 193) were observed in the nuclei upon treatment at the single cell level in either of the spheroid types included (Figure S8C). Heatmaps showing the mean channel intensity of all markers in the ungated, GFP+ and RFP+ populations are shown in Figure S9.

To quantify intra-spheroid cell type composition, we used the “distance-to-border” parameter as a quantitative measurement of the position of the cells within the spheroid in the ungated (Figure 9G), GFP+ (Figure 9H) and RFP+ (Figure 9I) populations within the HCC827+SV80 and ER3+SV80 spheroids treated with erlotinib or vehicle (DMSO) control. These violin plots clearly demonstrate the re-organization of the HCC827-SV80 spheroids with a prominent self-sorting upon erlotinib-treatment as the very few surviving GFP+ (HCC827 cells) are detected in a protective location towards the middle of the spheroid (high distance-to-border value) and the average distance-to-border of the RFP+ (SV80) cells decreased as the fibroblast composition changed from centrally localized to diffuse and dominant. The tSNE algorithm was again applied on the ungated population. viSNE plots displaying the distribution of cells from the different samples is shown in Figure 9J. Again, the HCC827 cells were well separated from the ER3 and SV80 cells on the viSNE plot, while the mesenchymal ER3 cells and SV80 fibroblasts were partially overlapping. It is also apparent from the viSNE plot that the majority of the HCC827 cells disappear upon erlotinib treatment. The channel expression of the various markers is visualized on the viSNE plots in Figure S10.




Discussion

Despite the impact of the TME and dynamic interactions between cancer cells and stromal cells on cancer progression and treatment efficacy, the most widely used in vitro pre-clinical cancer model remains 2D cell cultures. Certainly, the flat biology and the homogenous nature of cell line-based models are far from sufficient to recapitulate the complex architecture and cellular diversity of cancers in situ. In fact, the widespread application of insufficient pre-clinical models has been suggested as one of the main reasons why promising anti-cancer drugs fail in the translation from lab to clinic. To reduce this translational gap, we have developed and characterized a 3D heterotypic co-culture model comprising NSCLC cells of varying epithelial-mesenchymal phenotypes with fibroblasts. To measure the effects of clinically relevant targeted therapy, NSCLC cells sensitive or resistant to EGFRi were included. Spheroids represent several important tumor characteristics, including 3D geometry, chemical and physical gradients, and cell-cell interactions. Despite this complexity, spheroid models are relatively easy to work with and compatible with high-throughput drug screenings. By combining spheroid models with techniques such as high-dimensional imaging, this model holds a significant potential for studies of cancer-stroma interactions and therapy responses and may also serve as a good model to optimize antibody panels and segmentation strategies prior to their application on more complex tissues. This model may be further improved by modifying the type of fibroblasts used in the co-cultures to enable comparisons between normal pulmonary fibroblasts and CAFs isolated from NSCLC tissue, or by including other cells of the TME such as immune cells to obtain a more relevant model for in vitro screening of novel cancer therapies and studies of complex mechanisms of resistance in heterotypic cancers.

In two cell-line models based on NSCLC HCC827 and H1975 parental cells and their respective erlotinib- or rociletinib-resistant clones, we observed a shift towards a more mesenchymal-like phenotype in multiple EGFRi-resistant clones (54, 55, 66). In the HCC827 model, loss of the characteristic cobblestone epithelial morphology, downregulation of CDH1 (E-cadherin), and upregulation of the mesenchymal markers CDH2 (N-cadherin) and VIM (vimentin) were prominent at both mRNA and protein levels in the erlotinib-resistant clones ER3 and ER10. Similarly, in the H1975 model, increased expression of CDH2 (N-cadherin) and VIM (vimentin) and decreased expression CDH1 (E-cadherin) were observed in the third generation EGFRi (rociletinib)-resistant subclones. These observations are consistent with previous descriptions of the HCC827 and H1975 cell models (54, 66, 68). These findings also support studies from our laboratory and others that have established EMT as a mediator of acquired drug resistance to EGFR targeted therapies in NSCLC (54, 66, 69–71). EMT and upregulation of AXL has further been associated with resistance to other NSCLC therapies, including cytotoxic therapies, immune checkpoint inhibition, and immune cell-mediated killing (5, 72–75).

In the 3D spheroid model, EGFRi-sensitive epithelial cells readily aggregated and formed compact spheroids in monoculture, while the resistant cells with mesenchymal-like phenotypes (ER3, ER10, COR1-1, and COR10-1) were dependent on co-culture interactions with fibroblasts to form compact spheroids. Interestingly, the spheroid formation capacity seemed to be further linked to the degree of EMT, as observed in the most mesenchymal ER3 and ER10 cells, compared to the less mesenchymal ER20 and ER30 cells. In contrast to ER3 and ER10, the ER20 and ER30 cells displayed less prominent expression of markers of a mesenchymal phenotype and were also able to form more compact spheroid structures than ER3 and ER10 after 24 hours in monoculture. We have previously observed reduced spheroid-formation capacity when EMT was induced in the mammary epithelial cell line MCF10A by overexpression of the EMT transcription factors TWIST or SNAI2 (76). Taken together, these findings indicate an inverse relationship between the mesenchymal features developed as a resistance mechanism against EGFR inhibitors in this model system and the ability to form compact multicellular spheroids from cell aggregates. This finding might appear counterintuitive because a more mesenchymal or an intermediate E/M phenotype in particular, is also associated with cancer stem cell properties and increased tumor-initiating potential (10, 35, 77, 78). However, our current observation, which describes self-aggregation and self-sorting abilities rather than proliferation and sphere-formation potential, could be explained by mesenchymal cells being more motile and lacking the strong cellular adhesion properties found in epithelial cells. These features make the mesenchymal cancer cells less prone to generate strong inter-cellular adhesions and organize into compact spheroid structures. The fibroblasts also display a greater ability to generate compact spheroid structures compared to the mesenchymal ER3 cells, even though they exhibit comparable expression of the cell adhesion molecules evaluated in this study. This indicates that additional adhesion systems, including secretion of ECM proteins like fibronectin, and expression of integrins like alpha5beta1 integrin or other factors, may be responsible for the increased spheroid generation ability of fibroblasts compared to ER3 cells. The fibroblasts in 3D culture further showed a prominent collagen deposition that may support their superior spheroid formation ability compared to the mesenchymal ER3 cells. The differences were even more prominent from the GFP and RFP staining in the live-cell imaging and the IMC staining. The cancer cells in the ER3-SV80 heterotypic co-culture spheroids were localized as single cells or smaller islands towards the spheroid center and surrounded by fibroblasts. In contrast, the HCC827 parental cells in co-culture with fibroblasts displayed strong self-sorting and were localized towards the edge of the co-culture spheroid surrounding a core of fibroblasts. A plausible explanation for this observation may be that the mesenchymal-like EGFRi-resistant cancer cells are more adapted to survive within a hypoxic microenvironment, compared to the parental cells that are expected to be less adaptive to microenvironmental changes, including the expected lack of oxygen as well as nutrients in the core of the spheroid (79). The ability to generate spheroids in monoculture and the observed differences in the cellular organization of the co-culture spheroids between the epithelial and mesenchymal phenotypes are also likely to be dependent on their differences in expression of cellular adhesion molecules (CAMs). When self-aggregation is followed by the various cell types organizing themselves into a specific pattern of segregation, this can be referred to as self-sorting (43). Friedlander et al. observed that murine sarcoma cells transfected with CDH2 (N-cadherin) or liver cell adhesion molecule (L-CAM), a molecule structurally related to N-cadherin, aggregated more rapidly than isogenic cells not expressing these cellular adhesion molecules (80). Cells expressing high levels of L-CAM or CDH2 (N-cadherin) also self-sorted together with cells expressing the same CAM, and this segregation was inhibited by antibodies specifically targeting the transfected CAM (80). Furthermore, Steinberg and colleagues demonstrated that differential expression of the cell adhesion molecule CDH3 (P-cadherin) in embryonic cells not only segregated cells with different CDH3 (P-cadherin) levels from each other, but also caused the less cohesive cells to envelop a core of more cohesive cells (48). When the cells were mixed, they formed a “sphere within a sphere” configuration with the cell population expressing the most CDH3 (P-cadherin) forming islands within the sphere. In addition, for systems containing ECM components, cell-ECM interactions and integrin expression can also contribute to the cellular organization (81). A similar self-sorting pattern to ours with the epithelial cancer cells in the outer cortex layer of the sphere and the fibroblasts in the medulla has also been observed in other heterotypic spheroid cultures (45). Whether or not the cancer cells sort into different compartments or intermix depends in part on the balance between the binding forces from the cell-to-cell interactions and the interactions between the cancer cells and the various components of the TME including the various ECM components (82). Since the mesenchymal-like ER3 cells display a greater phenotypic similarity to the mesenchymal SV80 fibroblasts than the epithelial HCC827 cells, this could possibly explain that also a higher degree of segregation between the two cell types were observed in the HCC827 co-culture compared to the ER3 co-cultures. In addition, we observed prominent collagen deposition by the SV80 cells, and it is therefore likely that cell-ECM and heterotypic cell-cell interactions play a vital role in the intra-spheroid organization in our model system.

To allow a high-dimensional characterization of the 3D models, IMC antibody panels containing 14-19 heavy metal-tagged antibodies were designed. These panels included markers of EMT, proliferation, apoptosis and ECM components, as well as GFP and RFP to differentiate the fluorescently labeled cell types in the co-cultures for downstream analysis. To quantify expression of the various protein markers at a single-cell level, cells were segmented based on their nuclei and cytoplasmic staining and the mean pixel intensity of each marker was measured for each cell in the segmentation mask from the corresponding multiplexed IMC images. Our first aim was to separate the cancer cells and fibroblasts based upon their GFP and RFP expression. We therefore gated the GFP+ and RFP+ populations, and a strict gating strategy was applied to exclude double-positive cells from the analysis. No RFP positive cells were observed in the HCC827 monoculture samples, and no GFP positive cells were observed in the SV80 monoculture samples. Thus, in this setting, cells positive for both GFP and RFP indicate the inclusion of neighboring cell staining within the predicted shape of those particular cells within the segmentation mask. The median fluorescence intensity of the different markers from the single-cell data was then visualized in heatmaps for the ungated, GFP+ and RFP+ populations. This strategy was also applied to evaluate the success of the single-cell segmentation itself, as more double-positive cells will also be an indicator of sub-optimal cell segmentation. Segmentation methods that were tested included expansion of the nuclei objects identified by DNA-intercalator staining by either 1 or 2 pixels, and an alternative method applying the Mesmer algorithm. Mesmer is a deep learning-enabled segmentation algorithm that utilizes the pre-trained MultiplexSegmentation dataset and user-defined aggregate images of markers representing either nuclei or cytoplasm as input (63). Segmentation masks generated by Mesmer using Histone H3 or Iridium intercalator to identify nuclei and GFP and RFP to identify the cytoplasm were considered the most successful from the tested segmentation strategies and were therefore chose to use segmentation masks generated by Mesmer in the downstream analysis. Furthermore, the tSNE algorithm was also applied on the single-cell data from the ungated population. Interestingly, displaying the markers of EMT on the viSNE plot revealed a remarkable heterogeneity in the expression levels of CDH1 (E-cadherin) in the HCC827 cells and VIM (vimentin) in the SV80 cells that were not visible from the bulk data. Although, the data should be interpreted cautiously as the variation observed in IMC data could also be due to inaccuracies in cell segmentation, previous high-dimensional single-cell data from suspension cultures (66) support the significant E/M heterogeneity of the NSCLC cell lines used in this study.

This study was designed to provide a thorough characterization of multicellular spheroids of isogenic cancer cells of various phenotypes and demonstrate proof-of-principle for the applicability of the presented spheroid model to evaluate the impact of cancer cell phenotype in drug screening experiments through high-dimensional and spatially resolved IMC analyses. We treated the heterotypic co-culture spheroids consisting of SV80 fibroblasts and either erlotinib-sensitive HCC827 cells or erlotinib-resistant ER3 cells for seven days with either vehicle control (DMSO) or erlotinib (1 µM). As expected, we observed significant decline in the number of erlotinib-sensitive HCC827 cells within the HCC827-SV80 co-culture spheroids upon erlotinib treatment. Due to the prominent self-sorting of the epithelial HCC827 cells, they were readily exposed to the erlotinib containing medium, while the ER3 cells were positioned in a more protected location towards the hypoxic center of the spheroids. Of note, the model may readily be modified by adjusting the numbers of cells seeded for aggregation, as well as the ratio between cancer cells and fibroblasts. Judah Folkman stated that tumors in the avascular stage remain dormant at diameters of 1 to 2 mm3, and further growth is possible only after new capillaries have been formed and the tumors enter the vascular stage (83, 84). The heterotypic spheroid model described in this study had an average diameter of 337 and 315 µm for HCC827 and ER3 containing spheroids, respectively, and a necrotic center were clearly visible. This is in accordance with the seminal papers of tumor spheroid formation from aggregated cells in vitro, that state that central necrotic cells were observed occasionally when the spheroids reached a diameter of 200 µm (5 days) and were clearly evident at a diameter of about 300 µm (9 days) (40). Later studies have further demonstrated that the initial growth of a spheroid typically increases exponentially time until a certain value before the tumor spheroid growth decreases and the spheroid size reaches a plateau, typically observed around 400-500 µm (43, 52, 85). Thus, the spheroids contain well-nourished cells in the periphery of the spheroid structure in close contact with the culture medium, dying cells in central necrotic areas of the spheroid structure, where the oxygen and nutrient availability decreases, and cells in a range of intermediate states in the middle of these two extremes (38, 40, 43). The latter cells are more likely to become resistant to radiation and stress because of the altered oxygen tension and cell kinetics (86–88). Hypoxia has further been shown to be an important predictive and prognostic factor in NSCLC and suggested as a major contributor to treatment failure in lung carcinomas (88).

Furthermore, from the 3D projections of intact spheroids generated from confocal microscopy z-stack images, it was evident that the Hoechst (H-33342) DNA dye only stained an outer rim of the spheroid tissues at an approximately 50 µm depth, due to insufficient dye penetration. The limited small molecule tissue penetration is as expected, based on previous reports (89, 90). Hoechst has also previously been suggested as a potential agent for quantifying tissue perfusion, and for allowing selection of cancer cell subpopulations from different areas within tumors or spheroids, as the incomplete Hoechst staining is likely related to stain penetration issues, rather than variable DNA content at low concentrations (89). Thus, the limited staining by Hoechst in the inner spheroid tissues is an important observation since it serves as a surrogate marker for the penetration of drugs into the spheroid. Hoechst has a relatively small molecular weight (MW 452.6), that is comparable to small molecule inhibitors, including erlotinib (MW 393.4) and rociletinib (MW 555.6). Thus, the drug penetration range observed in this model provides a more physiologically relevant penetration with similarities to the drug exposure pattern of carcinomas in situ. The ability of the model to provide physiologically relevant drug penetration conditions represents a clear distinction and advantage over the more frequently applied 2D cell culture drug screening models, as the lower drug exposure may also affect the generation and persistence of drug-resistant populations (36, 43, 90). On this note, it is also possible to directly measure the penetration of drugs into tissues with this approach, as has already been demonstrated with platinum chemotherapy (91) and could be readily accomplished for antibody-based therapies using existing heavy-metal conjugation chemistries. At the same time, the erlotinib-resistant cells were also shown to resist treatment in the co-culture model. By investigating MKI67 (Ki67) expression in the co-cultures, it was evident that the SV80 fibroblast cell line preserved its proliferative phenotype upon erlotinib treatment, demonstrating that this model also could be applicable for toxicity testing.

In conclusion, we have established and thoroughly characterized robust pre-clinical models of EGFR inhibitor resistance in NSCLC. We observed an inverse relationship between mesenchymal features developed as a resistance mechanism against EGFR inhibitors and the ability to form compact multicellular spheroids in this model system. However, when co-cultured with human fibroblasts, we were able to generate heterotypic spheroids containing fibroblasts and the most mesenchymal EGFR inhibitor-resistant subclones that generated only loosely attached cell aggregates in 3D monoculture. The spheroid model presented here can be applied to investigate the crosstalk between fibroblasts and cancer cells of various phenotypes in depth and evaluate the impact of cellular phenotype on secreted factors, direct cell-cell interactions, and modulation of ECM components. It took a long time for EMT to be recognized as a potential mechanism for carcinoma progression (13, 15, 17, 18, 92). One of the main reasons for this was the inability to follow the development of human tumors in time and space. Although EMT was traditionally considered a binary process where cells could be either in an epithelial or a mesenchymal state, it is now highly accepted that EMT is not an on/off switch. The process of EMT is rather dynamic over time, and intermediate E/M states exist in normal and malignant cells, making cells with a high degree of plasticity able to move back and forth across the EMT spectrum (8–10). It is now well established that adaptation to changes in the dynamic TME induce acquisition of phenotypic plasticity (5, 66, 73, 75, 93, 94), a recently recognized cancer hallmark (13). With the advent of heterotypic spheroid models generated from various cell types, the dynamics of EMP can be studied and remaining questions can be addressed through longitudinal sampling and high-dimensional analysis of the tissue sections. The multicellular spheroids generated from aggregates of cancer cells and fibroblasts used in this study can be applied to study how fibroblasts affect the epithelial to mesenchymal plasticity of cancer cells, and to explore the best way to target the therapy-resistant clones in the context of EMP and additional signaling cues from the co-culture model to resist hypoxia and drug exposure. These physiologically relevant features represent in a superior manner the challenges facing successful targeting of the therapy-resistant clones in vivo. Approaches to target the most therapy-resistant populations could be performed by pre-treatment prior to co-culture or in the co-culture system. As various 3D models including spheroids and organoids are gaining popularity in pre-clinical studies, the major advantage of this heterotypic model is the ability to generate multicellular spheroids using cells of known genotype and phenotype, and with pre-determined ratios of cancer and stromal cells. The production is efficient and easily scalable, and the method is suitable for various downstream molecular readouts. Thus, the model holds significant potential in drug screening or drug penetration experiments and toxicity testing. By leveraging imaging mass cytometry or other multiplex imaging modalities, the cellular composition, spatial distribution, and protein expression in the spheroids can be studied without the need to dissociate to obtain single-cell data, providing mechanistic insights into the effects of treatments within a heterogenous, in vitro generated TME. Improved pre-clinical models for drug testing, along with incentives to openly reveal which of these models the pre-clinical data derive from, could provide a better foundation to select drug candidates for clinical testing, and thus ultimately improve pre-clinical to clinical translation (93).
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Although therapeutic methods have been developed, gastric cancer (GC) still leads to high rates of mortality and morbidity and is the fourth leading cause of cancer-associated death and the fifth most common cancer worldwide. To understand the factors associated with the prognostic prediction of GC and to discover efficient therapeutic targets, previous studies on tumour pathogenesis have mainly focused on the cancer cells themselves; in recent years, a large number of studies have shown that cancer invasion and metastasis are the results of coevolution between cancer cells and the microenvironment. It seems that studies on the tumour microenvironment could help in prognostic prediction and identify potential targets for treating GC. In this review, we mainly introduce the research progress for prognostic prediction and the immune microenvironment in GC in recent years, focusing on cancer-associated fibroblasts (CAFs), tumour-associated macrophages (TAMs), and tumour-infiltrating lymphocytes (TILs) in GC, and discuss the possibility of new therapeutic targets for GC.
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Introduction

According to GLOBOCAN 2020, gastric cancer (GC) ranking fifth for incidence and fourth for mortality globally (1). The incidence rate and mortality of GC are higher in East Asia than in Europe (1), and the long-term survival rate of local advanced gastric cancer (LAGC) patients after surgery is less than 20%-30%. Although the survival time of GC patients can be improved by chemotherapy, the prognosis of LAGC is still poor even when treated with sequential lines of chemotherapy (2). Therefore, mining reliable indicators to predict the progression and prognosis of GC is urgently needed.

Immunotherapy has gradually appeared in the treatment of GC in recent years. Various types of immunotherapeutic approaches have been developed, such as vaccine therapy (3), chimeric antigen receptor (CAR) T cells (4), programmed cell death 1 (PD-1) and programmed cell death ligand-1 (PD-L1) (5–7). Despite these unprecedented anticancer clinical successes, the immunotherapy remission rates of various types of cancers remain low. In most clinical trials, immune checkpoint inhibitors failed to provide benefit in gastric cancer patients, although there were a few clinical trials showing that immunotherapy improves survival in selected GC patients (8). Therefore, the application of immunotherapy in GC also needs further investigation (9). Moreover, immune tolerance is obtained after receiving immunotherapy, mainly due to cross-talk between tumorigenesis and the immune response (10). Therefore, studies on the immune microenvironment in GC are of essential importance(11).

In recent years, many studies have shown that cancer invasion and metastasis are caused by interactions between cancer cells and the immune microenvironment (12–14). The tumour microenvironment (TME) plays an essential role in the process of tumour invasion and metastasis. Many studies have shown that the evolutionary mechanism of the TME is one of the critical reasons for the complexity, invasion, metastasis, and poor prognosis of GC (15, 16). Mesenchymal cells in the TME can significantly promote the invasiveness of cancer cells and become a new target in antitumour strategies (13), among which the immune microenvironment is critical. In the recruitment of tumour-related signals, various immune cell components infiltrate the immune microenvironment, interact closely with cancer cells, and then interact with each other to promote tumour development together (12, 14). Therefore, the new point of view is to fully understand the internal phase of the tumour immune microenvironment (17). Studies of the effect of TME components on cancer cells will help uncover new prognostic factors and potential therapeutic targets of GC (18).

In this article, we reviewed the main components of stromal cells in the TME framework, including tumour-associated macrophages (TAMs), cancer-associated fibroblasts (CAFs), and tumour-infiltrating lymphocytes (TILs), which are involved in the regulation of the immune microenvironment (Figure 1). After understanding the interaction between cancer cells and the microenvironment, new antitumour methods targeting these cells may be gradually applied in clinical practice and will help in the design of individual-oriented therapy strategies for GC patients (Table 1 and Figure 2).




Figure 1 | The potential mechanism of cell action on tumours in the immune microenvironment of gastric cancer.




Table 1 | Functions of different cell types in gastric cancer.






Figure 2 | Prognostic prediction for CAFs, TAMs, and TILs in GC.





Cancer-Associated Fibroblasts (CAFs)

Cancer-associated fibroblasts (CAFs), also called stromal cells, work as an essential component of the tumour microenvironment and perform diverse functions, including extracellular matrix deposition and tissue remodelling, cross-talk signalling, and interacting with cancer cells and infiltrating immune cells (77, 78).

Recent studies have shown that morphological analysis of the tumour-stromal ratio (TSR) at the periphery of tumour invasion can further evaluate the clinical significance of the TME and help in the discovery of new tumour prognostic indicators. As a new prognostic indicator, there is a significant positive correlation between high TSR, oesophageal cancer, breast cancer, and cervical cancer (21, 23, 24). In addition, a large amount of data shows that pathological image analysis based on HE staining and in-depth mining of TSR data information in tumour tissue can be used to a certain extent to improve the existing prognosis prediction system (20). Studies have reported that postoperative pathology needs to be evaluated for TSR indicators as an important supplementary note for tumour staging (25).

TSR is an important prognostic index, but it is still necessary to further analyse whether TSR parameters can represent the overall characteristics of the TME. According to the TME theory, it can be hypothesized that the more frequent the interaction is between the tumour and the interstitium, the greater the intensity of the action, the more significant the proliferation of various cellular components in the interstitium, and the greater the TSR value at the histological level. Previous studies have supported this conjecture that tumour cells can activate nearby tumour stroma, thereby promoting the evolution of the TME; activated tumour stroma components receive tumour-related signals and change both in quantity and morphology and then promote the occurrence and development of tumours (26, 27). The increase in the TSR value and the interstitial ratio will promote cancer progression, suggesting a poor prognosis. Regarding an explanation for this conclusion, the research shows that the main reasons include the following explanations: first, the increase in the interstitial ratio will release more interstitial-derived growth factors and other components, which will aggravate the tumour burden (28, 79); second, the tumour interstitial fibrosis can protect cancer nests by wrapping cancer cells to inhibit the body’s immune system from killing the tumour. The higher the interstitial ratio, the greater is the degree of fibrosis (11, 30); more importantly, the TSR value increases, implying that a small number of cancer cells can activate a large number of surrounding mesenchyme, which indicates that cancer cells, in this case, are more aggressive, and the cancer-interstitial interaction is more prominent, often resulting in a worse prognosis.

In addition, some studies have shown that when the proportion of stromal cells in some tumours is increased, the prognosis is often worse (31). The cancer cells in this part of the lesion transform and reshape the tumour microenvironment and have a greater ability to promote invasion and metastasis (31, 32). Therefore, an independent prognostic factor (TSR) of advanced GC has potential clinical practical value. GC assessment has the advantages of rapid operation, simplicity, and high repeatability at the methodological level; second, gastric cancer TSR has clinical relevance and prognostic value, indicating that the TSR is a prognostic indicator in the microenvironment. Studies have shown that Cohen’s kappa coefficient, a measure inter-rater reliability, is significantly increased in tumours, such as breast (19, 23), oesophageal (24), cervical (21), and colorectal cancers (20, 22, 25). The application value of these commonly used coefficients is similar to that of the TSR, which confirms that the TSR may be used as one of the routine parameters of clinicopathological analysis.



Tumour-Infiltrating Lymphocytes (TILs)

Tumour-infiltrating lymphocytes (TILs) play an essential role in modulating the occurrence and development of tumours (80). In a phase 2 trial of KEYNOTE-158 (ClinicalTrials.gov identifier NCT02628067) (81), 24 patients with gastric cancer were treated with the PD1 humanized monoclonal antibody, pembrolizumab, and 11 patients responses and a median progression-free survival is 11 months. Notably, 4 patients with complete remission were included. The trial ultimately led to the U.S. Food and Drug Administration (FDA) approval of pembrolizumab for patients with unresectable or metastatic MSI-H or dMMR of any solid tumor type, including gastric cancer (82). Pembrolizumab inhibits PD-1 activity by binding to the PD-1 receptor on T cells and blocking the PD-1 inhibitory pathway, leading to T cell activation that inhibits tumor progression in GC patients. This result demonstrates the important role of T cells in tumor progression in patients with gastric cancer.

Under the recruiting influence of tumour signals, the appearance of mononuclear immune TILs infiltrating the tumour tissue can reflect the strength of the body’s antitumour immune response. Analysing the characteristics of TILs helps in clinical practice (34). Studies have shown that lymphocyte infiltration is a vital indicator of tumour progression (14). Subsequent to tumour chemotactic signalling, TILs gather in or around the cancer nest, which directly or indirectly promotes the invasiveness of cancer cells and ultimately affects prognosis (13). Clinical studies have shown that TILs have potential prognostic value in some tumours, including colorectal cancer (35), non-small-cell lung cancer (33), and other cancers (37). The cellular components of TILs are complex and have different functions. There are multiple subtypes, such as CD8+ T cells (38), CD4+ T cells (36), and B cells (43). In general, the overall extent of TILs has prognostic significance for tumours.

In addition, according to the latest consensus of the International TIL Working Group, the study of TILs in cancer nests is of little significance, and TILs in the tumour stroma need to be analysed. According to the consensus, it is appropriate to use the percentage of stromal TILs (psTILs) to study the degree of TIL infiltration in the interstitium rather than the number of TILs or the TIL density in the interstitium (40). Currently, the prognostic value of TILs in GC is still undefined (47). There is no consensus on whether TILs are protective or inhibitory factors. In addition, different GC TIL studies adopt different research protocols and cannot be compared with each other (83). The therapeutic regimen of TILs in GC needs to be further improved.

Some studies have explored the value of the percentage of stromal tumour-infiltrating lymphocytes (psTIL) as an indicator in GC, focusing on analysing the main clinicopathological characteristics of psTILs and the prognostic significance in GC patients. In theory, the specific cellular components of TILs have multiple subtypes, which can be divided into different cell types according to different antigens on the cell surface, leading to the complexity and changes in TIL research and significant differences in the interpretation of the results (36, 38, 43). Therefore, research on TILs has to initially solve the problem of methodological comparability. Currently, researchers investigating TILs mostly use immunohistochemistry to analyse the abundance and mechanism of different cell subtypes (41, 42). Whether TILs could become more acceptable has not yet reached a consensus. In addition, the prognostic correlation of different TIL subtypes varies, and some may even be antagonistic (44). A meta-analysis that included 4,185 cases of GC was conducted on the prognostic value of different subtypes of TILs in GC, but the results still suggested that the prognostic value of the different subtypes of TILs in GC is different. In addition, some studies have shown that a high proportion of TIL infiltration suggests that tumour patients have a longer survival time (46), which is contradictory. Another study suggests that high-density TILs may indicate a worse prognosis or a two-way regulatory effect (45). Due to different research methods, research objects (TIL subtypes), different TIL standards, and various other reasons, the existing research makes it challenging to intricately explore the specific value of TILs. Future studies can use HE staining to analyse the clinical significance of the ratio of TILs to the general interstitial area of GC (40). A randomized controlled clinical study (48) proved that psTILs have guiding significance in GC. The risk of GC in the low-value group of psTILs was significantly increased, the TNM staging was later, and the overall survival was worse.

In the process of tumour development, cancer cells interact with TILs and coevolve together. TILs exert their immune function to kill cancer cells; in contrast, upon induction by cancer cells, TILs may develop into different numbers or proportions of subtypes. When the antitumour-related subtypes decrease and the proportion of tumour-promoting subtypes increase, TILs become associated with a cancer-promoting effect (40). In GC research, cancer nests recruited TILs after EBV infection that were observed to be cytotoxic, and hence, the high psTILs indicated a better prognosis (84). However, in recent years, some studies have shown that some TIL subtypes, such as CD4+ T cells (CD4+ regulatory T cells, Tregs), may be one of the main factors that have an immunosuppressive role within the tumor (63). These Tregs appear late in GC, and presumable are a bad prognostic marker. Therefore, psTILs may have different prognostic values in different stages of GC. Incorporating psTILs into the prognostic model of GC may have specific guiding significance for the clinical diagnosis and treatment of GC. For example, GC with low psTILs may have a relatively poor prognosis. Such patients may benefit from enhanced clinical treatments, such as immunotherapy (29). More large-sample studies are still needed in the future to further confirm the clinical utility of psTIL parameters. In conclusion, psTILs show promise as an independent prognostic factor in GC, but greater clarity will be required concerning sub-populations and the context of their occurrence within the tumor microenvironment and within specific tumors.



Tumour-Associated Macrophages (TAMs)

In the process of GC occurrence and development, the tumour microenvironment undergoes dynamic and complex changes, including tumour-related inflammation and angiogenesis (9). A key mechanism is that tumour cells release signals to recruit many immune-inflammatory cells. The functions of macrophages near the nest are complex and changeable (53, 55). There are a wide range of sources of macrophages, which can be derived from blood vessels and lymphatic vessels, as well as primary macrophages from the tumour, that can migrate to cancer nests and nearby macrophages to subsequently become tumour-associated macrophages (TAMs). In different parts of the cancer nest and mesenchyme, TAMs can produce and release various growth factors or chemokines to the surrounding area and participate in regulating cancer cell proliferation, invasion, and metastasis (52). Macrophage cells undergo phenotypic transformation, usually from the M1 type to the M2 type. The outcome of this transformation is to promote tumour progression; that is, a tumour suppressor-carcinogenic change occurs (85). Therefore, the role of TAMs is dual in nature.

In addition, studies have shown that the prognostic significance of TAMs for different tumour patients is also varied (51, 54, 56). It is believed that factors such as the number and type of TAMs can affect the various stages of tumour occurrence and development (35). 57 in 2003 used tumour-associated macrophage infiltration as one of the prognostic indicators of GC (57). Subsequently, many studies (17, 18)began to pay attention to the value of TAMs on the prognosis of GC and began to explore the relationship between TAMs and the clinicopathological characteristics of patients with GC. Some studies have shown that the higher the number of TAMs, the worse is the prognosis of GC (65, 66). However, other studies have shown that TAM infiltration in tumours can indicate a better prognosis (15). Therefore, the use of TAMs as an indicator to evaluate the prognosis of GC patients is still controversial. TAM indicators play an essential but two-way role in the prognosis of GC (60, 64).

The relationship between the total number of TAMs and the prognosis of GC patients has different conclusions. Studies have shown that the number of infiltrating macrophages in GC tissues is significantly higher than that in adjacent tissues, suggesting that as GC develops, macrophages are recruited and interact closely with cancer cells (86). Zhang et al. (87) used meta-analysis to evaluate the relationship between TAMs and solid tumours including GC-related studies. The quality of the included studies was not evaluated. Other studies have also found contradictions in the prognostic value of the total TAMs (61, 63). Some studies have shown that TAMs can promote tumours by inducing neovascularization and inhibiting the immune killing effect of the body (62), and other studies have suggested that TAM infiltration suggests a better prognosis for GC (15). Therefore, simply analysing the number of TAMs in GC research is insufficient to establish a new prognostic prediction model (88).

To solve the shortcomings regarding the number of TAMs, future research should propose a definition for the TAM distribution types, that is, according to the potential functions of TAMs in different locations, provide a comprehensive comparison, and analysis of different types of macrophages, and explore classifications that may be able to reflect, at least to a certain extent, whether TAMs participate in the evolution of GC-interstitial interactions (89). It has been reported that TAMs are more likely to undergo phenotypic transformation in the area where the tumour stroma is fully functional (90). On the one hand, tumour-associated macrophages can phagocytose and kill cancer cells and exhibit an antitumour effect; on the other hand, after interactions with cancer cells, TAMs may undergo a phenotypic change, such as M1 macrophages transforming into M2 macrophages (91); the former promotes the inflammatory response, which usually has an anti-tumour effect (92), while on the contrary, M2 macrophages enable the immune escape of cancer cells in the extracellular matrix. The remodelling and transformation of tumours and tumour angiogenesis are related, which will promote tumour development (93). In different microenvironments, TAMs function differently. For example, at tumour invasion sites, TAMs can promote the migration and invasion of tumour cells; in tumour stroma and tumour blood vessels, TAMs promote cancer metastasis; and in areas lacking blood vessels and areas of necrotic hypoxia, TAMs can promote angiogenesis (73). Therefore, the prognostic value of TAMs at different locations in GC tissues is different (74). Among them, the frontier of tumour invasion is a unique area. Recruited TAMs interact closely with cancer cells near the cancer nest and receive the most direct effect from the cytokines released by the interstitial components. They may actively participate in various signalling pathways (94) and continue to enhance their expression. Type transformation (95), ultimately the most critical factor, promotes the immune escape of cancer cells, the formation of new blood vessels, and the remodelling of the extracellular matrix (96). In addition, studies have found that M2-type macrophages are mainly recruited at the junction of cancer nests and stroma (75). In addition, there are also studies showing that the presence of a large number of M2-type macrophages at this location suggests that the prognosis of cancer patients is worse (75, 76). In summary, compared with simply analysing the total number of TAMs, by improving the research strategy, it is suggested that the TAM distribution type can be used as an important prognostic indicator for GC patients and included in the prognostic prediction model of GC.



Other Immune Cells in GC

In addition to the widely studied T cells and macrophages, other immune cells infiltrate the tumour immune microenvironment in GC.

Natural killer cells (NK cells) are natural immune cells with the ability to kill tumour cells (97). Statistical analysis of clinical data shows a significant negative correlation between the percentage of NK cells in the tumour and the TNM stage of nerve-invaded tumours in patients with GC, suggesting that NK cells are closely related to GC progression (98). Some monocytes can upregulate the expression of CD69 in NK cells but significantly inhibit the expression of TRAIL, Ki-67, perforin, IFN-γ, and TNF-α. These results suggest that tumour-activated monocytes inhibit the function of NK cells (99).

Mast cells may promote tumour progression in the GC microenvironment. Mast cells can synthesize and release various growth factors and proteases(VEGF-A and MMP-9), thus promoting blood vessels and lymphatic generation (100). Studies have shown that mast cells in GC infiltration, which can promote angiogenesis and tumour lymph node metastasis, are related to poorer survival outcomes for patients with GC (101).

Immunosuppression is a significant feature of advanced GC and is closely related to GC progression. Previous studies have suggested that IL-35 is secreted by regulatory T cells, while recent studies have found that IL-35 can also be produced by B cells in mice and GC patients, and the expression of IL-35 in B cells is significantly upregulated in patients with advanced GC (102). In addition, the expression of IL-35 is positively correlated with other immune suppression factors, such as Treg cell infiltration and IL-10 expression, which indicates a poor prognosis.



Conclusion

GC is a malignant tumor with high morbidity and mortality. At present, immunotherapy is applied for tumor treatment, but in GC, there are few clinical trials showing that immunotherapy can benefit patients. Patients with PD-L1 combined positive score (CPS) ≥5 who received nivolumab (PD-L1 inhibitor) plus chemotherapy improved OS compared with chemotherapy alone (103). However, the PD-L1 inhibitor avelumab did not prolong patient survival compared with the clinician’s choice of third-line therapy (104). More research should focus on the improvement and development of new immunotherapies.

The tumor immune microenvironment plays an important role in tumor progression and prognosis in patients with gastric cancer, and is also related to the response to immunotherapy. This article mainly reviews cancer-associated fibroblasts (CAFs), tumor-associated macrophages (TAMs), and tumor-infiltrating lymphocytes (TILs) in GC. Under the recruitment of tumor-related signals, various immune cell components in the immune microenvironment interact closely with cancer cells, and then evolve with each other to jointly promote the development of tumors. Cancer-associated fibroblasts (CAFs) can interact with tumor cells and immune cells. For example, CAFs can promote the invasive ability of cancer cells, and CAFs can also attract immune cell infiltration, including T cells and macrophages, by secreting cytokines and chemokines. Tumour-stromal ratio (TSR) may be regarded as one of the routine parameters of clinicopathological analysis. Tumor infiltrating lymphocytes (TIL) and tumor associated macrophages (TAM) are particularly important, but TIL and TAM is a double-edged sword in the immune microenvironment of gastric cancer, and plays a bidirectional regulatory role in the occurrence and development of gastric cancer. Therefore, the absolute cell number of TILs and TAMs couldn’t work as prognostic indicators. Increasing evidences suggested that psTILs are an independent prognostic factor of GC, and TAM distribution type can be used as an important prognostic indicator for GC patients. Among them, TILs may interact with TAMs, for example, the CD4 T cell-secreted IL4 may be involved in the M1-M2 transition (105), thereby facilitating tumor escape. The specific interaction mechanism among cancer-associated fibroblasts (CAFs), tumor-associated macrophages (TAMs), and tumor-infiltrating lymphocytes (TILs) remains to be further investigated. The current prognostic diagnostic factors and treatment methods also need to be further studied and improved. The combination of TSR, psTILs and TAM distribution type organically would help accurate prognostic prediction in GC in the future. The ultimate goal of GC prognosis prediction is to improve treatment of patients with GC who present at different stages.
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Metastasis is a complicated process through which tumor cells disseminate to distant organs and adapt to novel tumor microenvironments. This multi-step cascade relies on the accumulation of genetic and epigenetic alterations within the tumor cells as well as the surrounding non-tumor stromal cells. Endothelial cells constitute a major player in promoting metastasis formation either by inducing the growth of tumor cells or by directing them towards dissemination in the blood or lymph. In fact, the direct and indirect interactions between tumor and endothelial cells were shown to activate several mechanisms allowing cancer cells’ invasion and extravasation. On the other side, gastrointestinal cancer development was shown to be associated with the disruption of the gut microbiome. While several proposed mechanisms have been investigated in this regard, gut and tumor-associated microbiota were shown to impact the gut endothelial barrier, increasing the dissemination of bacteria through the systemic circulation. This bacterial dislocation allows the formation of an inflammatory premetastatic niche in the distant organs promoting the metastatic cascade of primary tumors. In this review, we discuss the role of the endothelial cells in the metastatic cascade of tumors. We will focus on the role of the gut vascular barrier in the regulation metastasis. We will also discuss the interaction between this vascular barrier and the gut microbiota enhancing the process of metastasis. In addition, we will try to elucidate the different mechanisms through which this bacterial dislocation prepares the favorable metastatic niche at distant organs allowing the dissemination and successful deposition of tumor cells in the new microenvironments. Finally, and given the promising results of the studies combining immune checkpoint inhibitors with either microbiota alterations or anti-angiogenic therapy in many types of cancer, we will elaborate in this review the complex interaction between these 3 factors and their possible therapeutic combination to optimize response to treatment.
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Introduction

Throughout the course of history, cancer has proven to be a challenging and enigmatic disease that has burdened the human species (1). However, in the last three decades, our understanding of cancer has exponentially evolved regarding the nature of this malicious disease. Cancer is distinguished by a constant unregulated cellular proliferation which is mostly due to the activation of oncogenes and/or the inactivation of tumor suppressor genes (2). In their pivotal review ‘‘hallmarks of cancer’’, Hanahan and Weinberg aimed to establish the intricate nature of cancer into six main hallmarks: immortality, resistance to apoptosis, sustained angiogenesis, abnormal growth, tissue invasion and metastasis (3).

Metastasis is an intricate, stepwise process requiring the separation of tumor cells from the initial tumor site, the relocation to nearby structures and the migration via hematogenous spread to distant organs. Following the colonization of distant organs, cancer cells undergo proliferation and produce secondary tumors (4). Moreover, metastasis does not occur randomly; as such, colon cancer usually metastasizes to the liver, whereas prostate cancer metastasizes to the bones. However, few organs including the liver, lung and bone are common metastatic sites (5).

The most common types of gastrointestinal (GI) tumors are esophageal, gastric, colorectal, pancreatic and liver cancers (6). Less common types include neuroendocrine, anal, gallbladder and gastrointestinal stromal tumors (GIST) (7–9). A major factor implicated in cancer development is the tumor microenvironment (TME). TME plays a critical role in carcinogenesis. It incorporates diverse cellular components including proliferating cancerous, stromal, and endothelial cells (ECs); as well as fibroblasts and immune cells which are part of the adaptive immune system, such as lymphocytes, antigen presenting cells (APC), and B cells. In addition, cells of the innate immunity have been shown to partake in the TME, this includes monocytes, neutrophils, and natural killer cells (10–12). This interaction between cancerous and non-cancerous cells within the TME correlates with tumorigenesis (13). The non-cancerous cells have been shown to promote unregulated growth of tumor cells, whereas cancerous cells of the TME were involved in tissue invasion and metastasis (14, 15).

Another important factor involved in cancer progression and metastasis is the pre-metastatic niche (PMN). PMN refers to the microenvironment that facilitates tumor cell invasion and colonization of distant organ sites prior to the occurrence of metastatic spread (16). PMN emergence is a gradual process deriving from factors produced by tumor cells, including extracellular vesicles (EVs) and tumor-derived secreted factors (TDSFs) (17). These factors increase vascular permeability, modify extracellular matrix (ECM) and stromal cells, and alter the immune system (18–20).

Moreover, numerous studies have suggested a link between gut microbiota (GM) and the development of GI tumors (21, 22), especially concerning colorectal cancer (CRC) in which dysbiosis was associated with cancer progression (23). In addition, ECs appeared to play a major role in promoting cancer metastasis either by inducing tumor growth or by directing malignant cells towards blood or lymph for dissemination (24).

In this review, there will be exploration of the interaction between endothelial cells, gut vascular barrier, and the gut microbiota in the regulation of metastatic cascade of GI tumors and their enhancing effects. Moreover, the review will attempt to explain the different mechanisms through which bacterial dislocation promotes a favorable metastatic niche in distant organs allowing for dissemination and successful deposition of tumor cells in new microenvironments. To conclude, promising results found in previous studies that combined immune checkpoint inhibitors with either microbiota alterations or anti-angiogenic therapy give rise to a noteworthy discussion about their endothelial interactions and possible therapeutic combinations that potentially optimize treatment response in many cancers.



The Pre-Metastatic Niche

Over the years, different theories have been proposed to explain the possible mechanisms behind metastasis. In 1889, the “seed and soil’ hypothesis was first introduced by Stephen Paget (25). The English surgeon noticed a non-random pattern of metastasis in the cancer of the breast. He also noticed a predominance of secondary growth in specific organs over others (25). Since then, Paget’s hypothesis has been challenged by many researchers and endorsed by others, with many questions remaining unanswered. In fact, in 1970, Isaiah Fidler demonstrated that despite the role of blood flow in metastasis, the latter can only occur at specific organ sites (26). It was also discovered that this organotropism in metastasis is independent of the vascular anatomy and/or the rate of blood flow to each organ (27). Moreover, it was determined that the sites of secondary seeding are majorly influenced by the microenvironment of the host tissue, in addition to the characteristics of the malignant cells (28).

The “seed and Soil” hypothesis established a solid ground that supported the emergence of the metastatic niche concept (29, 30). This concept suggests that circulating tumor cells (CTCs) from the circulatory system exit the circulation, and invade secondary organ sites to become disseminated tumor cells (DTCs) (29). This new host organ is called “the metastatic niche”.

In 2005, a study by Kaplan R. N. et al. presented the first proof of the existence of PMNs (31). Following injection of specific malignant cells of known metastatic potential in mice, analysis was conducted to monitor the fate of specific Bone marrow-derived cells (BMDCs). Through this study, it was revealed that BMDCs colonize the future metastatic sites before being invaded by the tumor cells (31). Hereafter, PMNs are pre-established microenvironments in distant organs, preconditioned at least in part by the primary tumors to promote the survival of CTCs before their arrival at these sites (18).

The formation of PMNs is complex and multifactorial. It is the net result of different tumor-dependent and tumor-independent pathological and physiological processes (30, 32). Different experimental studies were directed to understand these mechanisms of interactions. For this purpose, mouse models of experimental metastasis in organs like the liver, lungs, bone and lymph nodes were thoroughly investigated (18).

It is now established that the formation of PMNs starts with local changes: vascular leakiness and hyperpermeability being the first recognized step. This increase in permeability of blood vessels occurs in the sites of PMNs, and is induced by different factors (33, 34). Tumor-secreted factors like EGF receptor (EGFR) ligand epiregulin, cyclooxygenase 2 (COX2), members of the matrix metalloproteinase family (MMP) were demonstrated to play a role in the regulation and dysregulation of vascular barrier integrity in PMNs (35). Other factors, like transforming growth factor-β (TGFβ) act by inducing the expression of angiopoietin like 4 (ANGPTL4), consequently destabilizing ECs in future metastatic sites (36).

Furthermore, other stromal cell types are also affected by the action of the primary tumor. For example, fibroblasts induce the remodelling of the extracellular matrix (ECM) of PMNs (37). This remodelling is partly achieved by fibroblast-secreted enzymes that alter the existing ECM structure, and on the other part by the deposition of new ECM components (37). It was also found that, depending on the tumor cell type, specific S100 family members prompt the development of pro-inflammatory microenvironments that contribute to the formation of PMNs (38). For instance, breast cancer derived S100A4 cells resulted in the upregulation of Serum Amyloid A (SAA) proteins, like SAA1 and SAA2, which improved tumor cell adhesion to fibronectin and the recruitment of BMDCs to PMNs (39). Additionally, tissue-resident macrophages also play a role in supporting PMNs (40). Upon their activation by the primary breast tumor, pulmonary alveolar macrophages exert their effect by inhibiting the tumoricidal T helper 1 (TH1) cells, and tackling the proliferation and maturation of antigen-presenting dendritic cells, thereby contributing to immunosuppression and encouraging metastasis (40).

It is also important to further highlight on the role of other factors in the preparation of PMNs through ECM remodelling. After their accumulation in pre-metastatic organs such as the liver and the lungs, fibronectin enables the adhesion of BMDCs in these sites, hence, providing additional support for future metastasis (41). Additionally, Periostin, a protein secreted by stromal fibroblasts with α−smooth muscle actin and vimentin, leads to PMN formation through different mechanisms (42). First, it interacts intracellularly with ECM molecules, leading to the infiltration of metastasis-initiating cells through stimulating WNT signaling (42). Next, it is deposited outside the cell where it increases cell motility (42). Moreover, the immunosuppressive function of myeloid-derived suppressor cells (MDSCs) in the pre-metastatic lung of breast cancer was found to be affected by Periostin expression (43). Versican is another important factor implicated in the evolution of PMNs (44). It is a proteoglycan that can be derived from tumor cells, causing an emergence of an inflammatory microenvironment in the pre-metastatic lung (44). Parallelly, Versican can also be originated from CD11b+Ly6Chi myeloid cell present in the pre-metastatic lung (45). Finally, it was also proposed that the change in physical properties induced by ECM remodelling has a significant impact on disease progression (37, 46). As a matter of fact, collagen type I and type IV crosslinking, induced by a class of ECM-shaping enzymes, the lysyl oxidase family, was found to enhance the stiffness of tissues, thereby directly increasing tumor cell seeding, thus, promoting metastasis (37).



Role of Endothelial Cells in Metastasis

Intravasation and extravasation are two fundamental principles of the metastasis cascade (47). They depend on the ability of cancer cells to cross the endothelial barrier, although approaching it from opposite sides (47). In other words, a disturbance of the endothelial junctions must occur so that malignant cells can disseminate into the bloodstream and invade distant organs. As such, it was proposed that altered ECs directly influence cancer inflammation and metastasis (48).

Intravasation is the act during which cancer cells can exit from the tissues to the circulation (48). It starts with tumor-induced angiogenesis, where new blood vessels with weak cell-cell junctions are formed (49). Moreover, different tumor-generated factors interact with ECs, affecting their function and promoting malignant dissemination. For example, TGFβ and vascular endothelial growth factor (VEGF) alter the endothelial barrier by increasing its permeability, and facilitating cancer cells’ intravasation (50). Also, the membrane MMP, expressed on breast cancer cells, act by disrupting the integrity of vessels surrounding the primary tumor, hence helping in the intravasation of malignant breast cells and assisting in their metastasis to the lungs (51). Likewise, invasive ductal carcinoma of the human breast was shown to express a disintegrin and metalloproteinase 12 (ADAM12) (52). This protein induces the shedding of ECs specific proteins (vascular endothelial cadherin and angioprotein 1 receptor TIE2) which also was suggested to impact the coherence of endothelial junctions, therefore helping in tumor intravasation (52).

Extravasation is when cancer cells leave the bloodstream to establish metastasis in different organ sites (47). The first step is the attachment and adhesion of disseminated tumor cells to ECs, and it usually take place in small capillaries (53). To extravasate, cancer cells must possess ligands and receptors that are compatible with those of ECs (eg. Integrins, cadherins, selectins, CD44 and immunoglobulin (Ig) superfamily receptors etc.) (47). Furthermore, chemokines secreted by stromal cells of distant organs play a role, not only in attracting cancer cells, but also in their adhesion and migration through ECs (54). In fact, an in vitro stimulation of CXC-chemokine ligand 12 contributed to the adhesion of prostate cancer cells to ECs, thereby increasing their transendothelial migration (TEM) (55). It was also proposed that altered endothelial barrier in the hyperpermeable PMN contribute to the process of extravasation (33). A study by Roblek et al. elaborated on the role of CCL2 in the metastatic process (56). Evidence was provided that CCL2 stimulation of endothelial cells altered the VE-cadherin/β-catenin complex, resulting in the loosening of the vascular endothelial barrier, and hence facilitating dissemination of cancer cells (56).

On the other hand, depending on their status, ECs may play an inhibitory or stimulating role in cancer progression. Factors secreted from quiescent ECs regulate inflammatory signaling and limit disease aggressiveness, while those released from dysfunctional ECs induce pro-inflammatory signaling, thus aggravating invasiveness and inducing metastasis (48). For example, Interleukin-6 secretion from ECs is increased when their integrity is disturbed, consequently stimulating metastasis (57). In contrast, the role of quiescent ECs in controlling inflammation was noted through balanced pathways of inhibitions, through IκBα for example, and activations, through NF-κB P65, leading to the inhibition of cancer progression and metastasis (57).



Gut Microbiota and Implication in Metastasis

While the extent of research discussing the role of the microbiota in cancer has been exponentially increasing, the exact relationship between this microbial world and the pathogenesis of cancer remains not fully understood, in part because of the dual conflicting role in the promotion and inhibition of carcinogenesis (58, 59). However, it has been confirmed that the GM plays an essential role in the pathogenesis of several gastrointestinal cancers (60, 61). For example, Helicobacter pylori infection has been directly implicated in the development of gastric cancer (62). Moreover, Fusobacterium nucleatum was also associated with the development of colorectal cancer, and their DNA has been detected in the colorectal tumor cells (63). In fact, microbial pathogens have been shown to induce alterations in the host microenvironment that favor the transition of normal healthy cells into neoplastic cells (64). Several mechanisms have been proposed in this regard. These include but are not limited to dysbiosis, direct and indirect interactions with the immune system, induction of chronic inflammation, and molecular mimicry (61). Through those multiple mechanisms, the GM are able to influence the balance between immunosurveillance and carcinogenesis, favoring the development of neoplasms in multiple areas of the body, including the gastrointestinal tract (61).

In addition, the GM has been shown to directly and indirectly influence the ECs function and the process of angiogenesis and consequently facilitate the spread of neoplastic cells (65). They are known to release multiple metabolites that can promote angiogenesis (Figure 1). To start with, lipopolysaccharides (LPS) released by the gut microbial pathogens are able to induce the upregulation and activation of the VEGF (65). A study on pancreatic cancer has shown that the expression of VEGF and Toll-like receptor 4 (TLR-4) has been positively correlated with the micro-vessel density and the pro-angiogenic activity within the tumor microenvironment (TME), a process involving the activation of the PI3K/AKT pathway (66). In addition, vacuolating toxin A, one of the oncologic virulence factors produced by H. pylori, was shown to induce vacuolization and autophagy of gastric epithelial cells through several mechanisms, including the induction of VEGF secretion leading to angiogenesis and consequently carcinogenesis (67, 68). In fact, VEGF is well known to induce angiogenesis by exerting multiple effects on ECs (69, 70). First of all, VEGF has been shown to induce in-vitro ECs to invade the underlying matrix and form capillary-like tubules (70). Moreover, it was involved in induction of anti-apoptotic signals in ECs, allowing the survival of immature fragile vasculature (71). In addition, VEGF plays an essential role in the establishment of a vascular extracellular matrix allowing the growth of ECs (72). This is possible through the VEGF-induced increase in vascular permeability, allowing the leakage of proteins and other metabolites involved in the establishment of a nourishing extracellular matrix (72). Add to that the ability of VEGF to induce chemotaxis as well as the expression of collagenases and tissue plasminogen activator by ECs (70). As such, by inducing VEGF production, and through the mechanisms mentioned above, microbial metabolites including LPS and vacuolating toxin A will contribute to the increased formation and permeability of the vessels around the tumor cells favoring their metastatic dislocation.




Figure 1 | Role of gut microbiota in promoting angiogenesis. Gut microbiota secretes several molecules and chemokines in turn can induce the production of pro-angiogenic factors, allowing increased tumor angiogenesis and consequently tumor growth and metastasis. LPS, Lipopolysaccharide; VAC Toxin A, Vacuolating Toxin A; COX-2, Cyclooxygenase 2; LTA, Lipoteichoic Acid; IL-8, Interleukin 8.



In addition, lipoteichoic acid (LCA), another bacterial metabolite, has been shown to stimulate angiogenesis in colorectal cancer cells lines favoring their metastatic spread (73). This is possible through the simultaneous activation of extracellular signal-regulated kinases (ERK) 1/2 and the inhibition of the phosphorylation of the Signal transducer and activator of transcription (STAT) 3, increasing the expression of interleukin (IL) 8 (73). IL-8 is a potent pro-angiogenic chemokine and known to be highly expressed in colorectal cancer (74). Binding of IL-8 to CXCR-1 and CXCR-2 on ECs directly enhances ECs proliferation, MMP production, and consequently angiogenesis (75). In particular, by binding to CXCR-2 on human intestinal microvascular ECs, IL-8 increased their proliferation, chemotaxis and rapid stress fiber production (74). IL-8 was also shown to be elevated in gastric cancer, and its levels were higher in H. pylori infected as compared to non-infected samples (76). As such, targeting microbiota can potentially influence the angiogenic and metastatic activity of intestinal cancers, including colorectal cancer in particular. This is possible by decreasing the production of some bacterial metabolites such as LCA that can favor the metastasis of neoplastic cells through the mechanisms mentioned above.

COX-2 is another pro-inflammatory angiogenic marker that has been extensively studied in gastric cancer (77, 78). H. pylori has been shown to activate COX-2 by inducing DNA methylation/demethylation events, allowing tumor invasion and lymph node metastasis (77). Cytotoxin-associated genes (cag) were also associated with H. Pylori induced metastasis (79). In fact, it was shown that biliary cells expression of α5β1 integrin, a promotor of metastasis, was associated with the combined expression of cagA, cagL and cag pathogenicity island (cagPAI) (80, 81). Other studies also concluded that H. pylori can increase the fragility of ECs within the gastric cancer vessels through the secretion of biologically active proteins, including heat shock protein (HSP) 70 inhibitors (78). By doing so, H. pylori indirectly facilitates the spread of gastric cancer cells by increasing the fragility of the surrounding vasculature.

Moreover, in vitro studies have also proved the ability of GM to induce the activation of ECs leading to a specific angiogenic response in the gut (82). For instance, in a study by Schirbel et al, bacterial toxins specific for TLR-2/6 and 4 as well as nucleotide-binding oligomerization domain NOD 1 and 2 were able to induce proliferation, migration and tube formation by human intestinal microvascular ECs (HIMEC) (82). Although not yet demonstrated in vivo, those mechanisms may also be allowing direct influence of the GM on the tumor-associated vasculature that constitute an essential player in the metastatic spread of tumors.

On the other side, not all microbial metabolites were demonstrated to exacerbate the metastatic profile of cancers through a direct influence on the permeability, formation and proliferations of vessels. In fact, specific microbes were shown to have inhibitory effects on ECs’ proliferation, decreasing consequently angiogenesis and gastrointestinal cancers’ progression. The probiotic Prohep, made of a mixture of Lactobacillus rhamnosus GG, E. coli Nissle 1917, and heat inactivated VSL#3 (probiotic medical food [1:1:1]), was proven to decrease the extent of angiogenesis and inflammation in hepatocellular carcinoma (83). It allowed a shifting of the gut microbial population to specific species, including Prevotella and Oscillibacter (83). This leads to downregulation of Th17, decreasing therefore the production of IL-17, an angiogenic factor (83). In addition, enterotoxigenic E. coli (ETEC) produces a heat stable enterotoxin, that in turn activates a cGMP-dependent signaling pathway, leading to a decrease in VEGF and vascular cell adhesion molecule-1 (VCAM-1), both of which being closely related to angiogenesis and metastasis (84–86). Additional in vitro studies have also emphasized the inhibitory influence of microbes on angiogenesis. Pseudomonas aeruginosa secretes azurin and a corresponding peptide P28 that can penetrate human umbilical veins ECs (HUVECS), leading to the inhibition of VEGF- and basic fibroblast growth factor (FGF)-induced migration, tube formation and neo angiogenesis in several xenograft models (87). Bacillus anthracis was also involved in the inhibition of angiogenesis by blocking several pro-angiogenic pathways, including downregulation of VEGF and IL-8 (88, 89). As such, and through their inhibitory effects on some angiogenic molecules, some GM-associated metabolites can decrease the permeability and proliferation of blood vessels around the tumors decreasing their metastatic potential.

The relationship between bacteria and their human host can be pathogenic, neutral or beneficial (90). It may affect nutrients metabolism, protect from pathogen colonization, and manipulate immune response of host (91–93). A spectrum of diseases including cancer and immune disorders have been associated with gut microbiome disruption (94, 95). The intercellular communication between bacteria and their host is done through soluble products and membrane vesicles, known as bacterial extracellular vesicles (BEV) (96, 97). These vesicles carry enzymes, nucleic acids and toxins to be disseminated into the extracellular environment (98, 99). BEV are heterogeneous with different subtypes that vary based on their parent bacterium, structure, size, biological content, function, and formation paths and environmental growth conditions. Gram-negative and Gram-positive bacteria have different BEV structure and function as they follow different vesicle route formation. Gram-positive bacteria produce cytoplasmic membrane vesicles through bubbling cell death triggered by endolysin (100, 101). Gram-negative bacteria form different types of membrane vesicles that include outer membrane vesicles (OMV), outer-inner membrane vesicles (OIMV) and explosive outer membrane vesicles (EOMV). The formation of these vesicles happens through 2 pathways: the blebbing of outer membrane and the explosive cell lysis (97, 100).

BEV production rate and preference pathway are influenced by many factors including environmental composition, oxygen availability, temperature, chemical induced gene mutation and antibiotics exposure (100, 102). The membrane of gram negative and gram-positive BEV mirrors the membrane of parent bacteria from which it derived. The former contains lipopolysaccharides that engage with TLR4, and the latter shows surface lipoteichoic acids that interact with TLR2. OIMV, EOMV and CMV subtypes contain cytoplasmic (virulence factors, RNA and DNA) and membrane component (97, 100, 101).

BEVs are able to interact with host cells through engaging their microbe associated molecular pattern (MAMPs) or pathogen associated molecular patterns (PAMPs) with the host pattern recognition receptors (PRR) present on epithelial cells of mucosal surfaces and immune cells (103). The interaction between MAMPs/PAMPs and PRR can promote protective immunity, immune tolerance or even promote host pathology. It all depends on the parental bacterium from which the BEV was derived. For example, BEV originating from non-commensal bacteria may contribute to a worsening infection and may as well lead to sepsis (104–106). On the other hand, BEV originating from commensal bacteria may induce immunologic tolerance, hence provide protection from severe infections (107, 108).

Recently there has been a growing interest and consensus on the ability of BEV present in the gut lumen and derived from GM to bypass the epithelium and interact with macrophages, neutrophils and dendritic cells. Consequently, these interactions may encourage the access of BEV into the systemic circulation, leading to bacterial translocation and possible dissemination to the liver, lung and even to the brain (97, 109, 110). Additionally, the presence of BEV in the systemic circulation may also provoke different metabolic and immunologic responses in these organs (97, 109, 110). Several mechanisms have been described concerning BEV access to the systemic circulation. This access can occur through compromised integrity and function of intestinal epithelial barrier that changes its permeability by the action of different factors like diabetes, infection, inflammation, diet and caloric restriction (111). It can also be the result of active Trans-cellular migration through the non-compromised integrity of gut epithelium, or by the aid of dendritic cells and M-cells (112–114).

Tulkens et al. conducted a study where they were able to show the presence of circulating BEV probably originating from the gut or form microbial niches in other sites (111). This was done through detecting elevated levels of lipopolysaccharides positive BEVs in the plasma of patients with intestinal mucositis, inflammatory bowel disease and HIV who have compromised gut epithelial integrity due to gut microbiome disruption, known as microbial dysbiosis, compared to healthy individuals (111). The levels of circulating BEV positively correlated with plasma Zonulin level. The latter is responsible for the disassembly of the tight junction between gut epithelial cells by inducing phosphorylation of zonula occludens proteins, leading to an increase in intestinal barrier permeability, causing BEV translocation (111).

On the other hand, Jones et al. demonstrated that this translocation can as well happen in healthy individuals with intact epithelial barrier (115). The study described oral administration of fluorescent labeled BEV to mice, and a close follow-up to BEV distribution throughout the body. Most of orally ingested labeled BEV were found in the Gastrointestinal (GI) tract, whereas the rest were able to access the blood and lymphatic circulation, and reach different organ sites such as the liver, the heart and the lungs. This study was proof that BEV may cross cellular barriers in healthy individuals with intact epithelium, possibly by active trans-cellular migration to get access to distant organs (115). Furthermore, other studies reported the presence of nucleic acid from bacteria in the brain (116). This led to a speculation that these findings may be related to the presence of BEV in the systemic circulation and its ability to cross any host barrier including the blood brain barrier. Also, it was proposed that these bacterial nucleic acids may have been produced by brain resident bacteria (116).

Although the disruption of the gut microbiome was demonstrated to play a role in the GI tract oncogenesis and tumor progression, further studies are needed to better understand the mechanism behind it, how BEV affects different organs in healthy and sick individuals, and how it could influence the disease response to chemotherapy and immunotherapy (105, 117, 118).



Discussion


Complex Interaction Between GM, Checkpoints Inhibitors, and ECs and Their Possible Combination for Treatment


GM and CPIs

Immunotherapy, mainly through CPIs, constitutes a major advancement in the world of oncology (119). They mainly target the immune checkpoints like the programmed cell death 1 (PD-1), PD ligand 1 (PD-L1), and cytotoxic T-cell lymphocyte-associated protein (CTLA-4) (120). Their function lies in strictly controlling the T-cell immune system by manipulating the stimulatory and inhibitory proteins (121). Consequently, they contribute to the regulation of different systems including the activation of the cytotoxic T-lymphocyte, self-tolerance maintenance and autoimmunity prevention, as well as fine-tuning the duration and the intensity of the immune response to be able to avoid damaging the tissues in the period of inflammation (122–124). Cancerous cells tend to manipulate these checkpoints to be able to overcome the immune system and spread through the body (125). Multiple CPIs have been FDA approved throughout the time and play an important role, compared with chemotherapy, in prolonging the overall survival (OS) of patients with different malignancies within an accepted safety profile (122). With all the promising results of the CPIs, their success rate is only limited to a small population, which makes it a domain of interest to investigate the factors influencing the response in-order to be able to select the patients that could benefit from this treatment and consequently maximize its effects (125, 126).

One component identified is the high tumor burden (TMB), a crucial biomarker that could indicate enhanced response rate to CPIs (127). Adding to it the development in the genetic field where the identification of the defective DNA repair mechanism as well as the microsatellite instability burden (MSI) can increase the likelihood of benefit from immunotherapy (128). Furthermore, the tumor microenvironment can also contribute to the response to CPIs therapy, and that is by its ability to interfere with the specific and innate immune response, consequently influencing the growth of the tumor cells (129). The continuous changes in the energy metabolism, induced by cancer cells, affect immune cells in the TME. At some point, cancer cells consume the nutrients in the media and thus prevent effector T-cells activation. On the contrary, they can stimulate the regulatory immune cells through limiting their nutrition and thus resulting in CPIs resistance (130, 131). Other factors can include smoking, gender, BMI where all of these can alter the OS and progression free survival (PFS) of cancer patients (132–134). Recently, the GM has been emerging as an important element to study in evaluating the response to CPIs (135). With its role in immunosurveillance, the GM can positively influence the efficacy of CPIs (136–138). Multiple studies went on in the aim of proving this relationship between GM and CPIs (Table 1).


Table 1 | Studies evaluating the relationship between GM and CPIs.



Based on the provided evidence, it is now established that GM alter the response to CPIs, with the majority of studies confirming that the more diverse the GM the better the response. Nonetheless, it is important to establish a profound standardized profile to follow in this domain.

How is a local intestinal immune response initiated? Well, it usually starts by the recognition of the PAMPS through PRR like TLRs and Nucleoside-binding oligomeric domain proteins (NODs) (142). These PAMPs, through their interaction with PRRs, induce the growth of dendritic cells (DCs). Consequently, lymphocytes become activated and recruited to the site, augmenting the competence of antigen presentation (142). Bifidobacteria can perform the same job of promoting the growth of DCs maturation, but this requires a small concentration of antigens with higher sensitivity (143). DCs in their turn tend to boost the IFN-γ levels and consequently leads to the multiplication of specific CD8+ T cells boosting the antitumor effects with CPIs (144, 145). Furthermore, the efficacy of anti-CTLA-4 is enhanced through B. fragilis which tends to activate Th1 cells and their cross reactivity with bacterial antigens and new tumor antigens (146). It was also noted that the presence of B. fragilis and B. cepacia helped in decreasing the side effects of anti-CTLA-4 monoclonal Antibodies (147). This is explained by the capacity of B. Fragilis to enhance the proliferation of Treg as well as their ability to induce the conversion of CD4+ T cells to Tregs (148). In addition, Akkermansia muciniphila and Enterococcus hirae are linked to the presence of CD4+ central memory T cells (TCMs) in tumors which express C-X-C motif chemokine receptor 3 (CXCR3)/C-C motif chemokine receptor 9 (CCR9) (137, 149). The presence of these chemokines caused a prolongation of PFS and OS in advanced malignancies (150). Thus, through the activation of CD4+ T and CD8+ T in response to cross-reactivity of bacterial antigens, T cell employ anti-tumor effects (151). Moreover, intestinal Faecalibacterium also managed to induce DC maturation and consequently causing proliferation of CD4+ or CD8+ T cells enhancing the blockage of PD-1 (152).



GM and ECs

The endothelium is very important in the maintenance of homeostasis of the cardiovascular system as well as the functioning of the whole body (153, 154). It is protective against elevated blood pressures as well as atherosclerosis and it plays a crucial role in supporting the blood vessel as a barrier protecting the surrounding tissues from leukocytic infiltration and inflammatory processes (153, 154). The ECs are important in maintaining the physiological condition of the human system and that is by the production and release of different antiregulatory and anti-aggregatory mediators (153, 154).

The GM is made of different bacteria, protozoa, archaea, viruses and fungi, and it functions through a system of symbiosis among each other and with the human body (155). It is crucial for different human physiological conditions including digestion, immunomodulation, as well as cardiovascular system performance. Similarly, it influences different pathological conditions (155).

Gram-positive Firmicutes, Gram-negative Bacteroidetes, and Gram-positive Actinobacteria constitutes the healthy GM and their dysregulation, known as dysbiosis, is what leads to different gastrointestinal diseases like inflammatory bowel disease (IBD) and colorectal cancer (156). Dysbiosis can also contribute to different conditions like obesity, allergies, diabetes mellitus, and cardiovascular diseases (CVD) (157–159). After studying GM in CVD patients, it was noticed that patients with CVD have reduction in the beneficial bacterial diversity suggesting a direct link between both (160). GM contributes to the modulation of the immune system by altering the functionality of the neutrophils as well as T-cell differentiation into Th1, Th2, and Th17 or Treg (161). Moreover, through the fermentation of complex carbohydrates, GM secretes short-chain fatty acids (SCFAs) that cross the intestinal epithelium and alter the immune response (162). Thus, the balance between the GM institution and their metabolism was an approach to study in-order to reverse diet- and environment-induced vascular dysfunction (159).

GM is involved in the formation of different metabolites:

	Trimethylamine N oxide (TMAO), a result of the oxidation of the trimethylamine (TMA), is released from the digestion of dietary TMA (163). TMAO is pro-atherogenic, it increases platelets aggregation and consequently increases the risk of thrombosis and strokes (164).

	Uremic toxins are the results of amino acid breakdown by the GM. In addition, toxins as indoxyl sulfate, indoxyl glucuronide, indoleacetic acid, p-cresyl sulfate, p-cresyl glucuronide, phenyl sulfate, phenyl glucuronide, phenylacetic acid, and hippuric acid form through aromatic amino acid breakdown by the GM (165). In ECs, indoxyl sulfate activates NF-κB signaling pathway, upregulating ICAM-1 and monocyte chemotactic protein-1 (MCP-1) (166). In addition, indoxyl sulfate inhibits Nitric oxide synthesis and up-regulates reactive oxygen species (ROS), thereby contributing to endothelial dysfunction and atherosclerosis (167).

	SCFA are results of bacterial, mainly Lactobacillus and Bifidobacterium, fermentation of carbohydrates (168). They are known for their role in increasing blood pressure. A byproduct of SCFA synthesis is butyric acid, produced through two different mechanisms: A- using the enzymes phosphotransbutyrylase and butyrate kinase (e.g., Coprococcus species) in order to convert butyryl-CoA into butyrate, B- butyryl-CoA/acetate CoA-transferase (e.g., Faecalibacterium, Eubacterium, and Roseburia) tend to convert butyryl-CoA into butyric acid (169–171). Sodium butyrate is also investigated for its influence on angiogenesis (172). Low levels of sodium butyrate stimulate angiogenesis and it stimulate up regulation of VEGFR and consequently the post receptor signaling pathway (172, 173). Thus, regulation of SCFA metabolites, such as butyrate and propionate, alter the host immune system through inducing the differentiation of Tregs (Figure 2) (174). VEGFR hence stimulate the angiogenesis of tumoral cells as well and here comes the role of anti-VEGFR in enhancing the immune system through the up regulation of CD8 (Figure 2) (174).

	Gaseous metabolites include:	4.1- Hydrogen Sulfide (H2S): Multiple studies have proven the role of H2S in the regulation of the circulatory system (175). In our gut, the dominant bacteria as Desulfovibrio (D. piger, D. desulfuricans), Desulfobacter, Desulfobulbus, and Desulfotomaculum function as sulfate reducing agents. They produce H2S through a non-enzymatic course by using two substrates: a sulfate and an electron donor for the sulfate reduction (175). Other enzymatic reactions can occur through cysteine desulfhydrase causing the conversion of cysteine into H2S, pyruvate, and ammonia through several anaerobic bacterial strains (E. coli, Salmonella enterica, Clostridia, and Enterobacter aerogenes) (175). A 3rd technique in H2S production is through the sulfite reduction that can take place in the presence of E. coli, Salmonella, Enterobacter, Klebsiella, Bacillus, Staphylococcus, Corynebacterium, and Rhodococcus (175). H2S highly contributes to the vasodilation of the vessels, therefore to the decrease of blood pressure and maintenance of homeostasis (176).

	4.2- Nitric oxide (NO): GM bacteria like Lactobacillus and Bifidobacterium help in the production of NO. Other bacteria like Desulfovibrio vulgaris converts it into nitrates. NO is important in vasodilation, but elevated concentrations of NO, produced from induction of the inducible isoform iNOS, can react with oxygen radicals, consequently causing further deterioration in infection-related conditions such as in septic shock or hypotension (177).

	4.3- Carbone monoxide (CO): Produced through the breakdown of heme with the help of the enzyme heme oxygenase (HO) into biliverdin, ferrous iron, and CO. We have two types of HO, one mainly expressed by the Gut mucosa, which is the inducible HO (HO-1) and the second known as constitutive HO (HO-2) (178). Similarly, CO exerts a vasodilative effect on ECs leading to cardiac protection (179).




	Xenobiotic metabolites: GM contributes to the xenobiotic transformation. Polyphenols are diet components that represent examples of xenobiotic. They are mainly found in plants and algae, and used in cardiac medications. In the human body, they are metabolized by Actinobacterium eggerthella lenta that is responsible for its buffering, maintaining the safety of the body (180). Anthocyanins and phytoestrogens are two examples of xenobiotic metabolites. They both have protective effects against different pathological conditions, especially CVD and malignancies (181). Anthocyanins can positively alter the GM profiles, either through inducing the proliferation of good bacteria such as Bifidobaterium and Lactobacillus, or by inhibiting the growth of harmful bacteria like Clostridium histolyticum (182).






Figure 2 | Interaction between microbiota, CPIs and anti-VEGFR.





GM and Angiogenesis and CPIs

As discussed above, GM profiles became a key modulator of CPI responses. Moreover, GM also provides to the angiogenesis process as well to the vasculature development (183). For instance, VEGF was shown to be activated by bacterial polysaccharides, therefore enhancing the angiogenesis process (66). In addition, the bacteria present in tumor cells alter the vascular barrier of the gut, thus permitting the transfer of the GM into the circulation (66). This transfer or dislocation of the microbiota or the tumor bacteria contributes to the formation of the required environment and consequently enhancing metastasis (184). Tumors manage to grow through stimulating the budding of vessels from the surrounding vasculature (185). Different substrates are recognized as pro-angiogenic, specifically the VEGF-A, which helped in understanding the mechanisms that support tumor growth (186). Accordingly, the vasculature of the tumor is considered a target in the management of malignancies, and the most commonly used pathway is the anti-VEGF or the blockage of its receptors (187). Multiple trials have provided to the idea that anti-angiogenic treatment can stimulate the tumor immune response and at same time, the immune system can promote angiogenesis (187, 188). Here came the idea of combining CPI with anti-VEGF therapy to promote vascular normalization, where the immunosuppressive niche of the TME can be transformed into an immune stimulatory media supporting the entrance of the immune effector cells and their accumulation, leading to an enhanced anti-tumor activity by promoting hypoxia and inhibiting the function of the suppressive cells (Figure 2) (189).

Furthermore, angiogenesis was reported as an element influencing the response to CPIs. In fact, the combination of PDL-1 inhibitors and anti-VEGF showed an increase in PFS and OS in unrespectable HCC hepatocellular carcinoma and metastatic renal cell carcinoma (190, 191). This proves the complex relationship between the three, GM, angiogenesis and CPI response. Therefore, the combination of CPIs and anti-angiogenic therapy with manipulation of GM can be a therapeutic approach in the future holding promising results and augmenting CPIs response.





Conclusion

In conclusion, Human microbiome, GM specifically, is a key effector in the process of metastasis. Through bacterial translocation, cancer cells from the initial tumor site exit the tissues to the systemic circulation, to disseminate to distant sites and invade different organs. Moreover, GM were shown to influence cancer progression through different mechanisms by exerting changes on the vasculature conformation, leading to an either accelerated or controlled metastatic process. Additionally, the alteration of GM has been proven to influence the response to CPIs, which is why it is crucial to further investigate the complex therapy combining GM alteration, in addition to anti-angiogenic therapy and CPIs for the ultimate goal of limiting cancer progression and metastasis early in the disease.
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Immunotherapy with monoclonal antibodies to checkpoint inhibitors against the PD-1/PD-L1 signaling pathway is a landmark achievement in cancer therapy. Some anti-PD-1 inhibitors such as nivolumab and pembrolizumab have shown clinical success, in a percentage of patients with prolonged survival rates. However, adverse effects accompany these benefits. In this case, strategies with lower toxicity and increased specificity are urgently required. Cancer vaccines have the ability to stimulate the native immune system and in particular, an engineered B-cell epitope can elicit high-affinity polyclonal antibodies with similar efficacy to PD-1 monoclonal antibodies in murine animal models. We have previously designed and synthesized a unique B-cell vaccine, PD1-Vaxx [MVF-PD-1(92-110)], and we have tested the immunogenicity and antitumor properties in CT26 colon cancer BALB/c syngeneic mice model. This manuscript provides results from comprehensive preclinical pharmacology studies encompassing primary and secondary pharmacodynamics, biodistribution, and safety studies. The results from these preclinical studies support the use of PD1-Vaxx in a first-in-human clinical trial in patients with non-small cell lung cancer (NSCLC). A phase I trial in patients with NSCLC has commenced.
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1 Introduction

Currently, cancer is a global health problem and millions of people are diagnosed with cancer every year in the United States and worldwide (1, 2). Conventional therapies include radiation, chemotherapy, and targeted therapies, and the latest anti-tumor strategies include cancer vaccines and checkpoint blockade. In 2018, the Nobel Prize in Physiology or Medicine was awarded to Tasuku Honjo and James P. Allison (3) for their contribution in discovering cancer therapy by inhibiting programmed cell death protein 1 (PD-1) and cytotoxic T-lymphocyte antigen 4 (CTLA-4), respectively. This discovery opened a new area of cancer immunotherapy by inhibiting related checkpoints.

Tasuku Honjo’s group discovered PD-1 in 1992 (4) and identified programed cell death ligand 1 (PD-L1) as PD-1 ligand in 2000 (5). One year after that, programmed cell death ligand 2 (PD-L2) was discovered and the expression on tumor cell lines as the second PD-1 ligand (6). Both PD-1 ligands PD-L1 and PD-L2 belong to the B7 family members. The expression of PD-L1 can be found on almost all murine tumor cell lines (7, 8), while the expression of PD-L2 seems only limited in some certain type of tumor cell lines (5); all these discoveries are based on the blockade of the PD-1/PD-L1 signaling pathway. The inhibition of immune checkpoint blockade has revolutionized the therapies for many cancer patients (9, 10). All the current FDA (US Food and Drug Administration)-approved cancer therapies targeting either PD-1 or PD-L1, such as Optivo® (nivolumab), Keytruda® (pembrolizumab), pidilizumab, and Libtayo® (cemiplimab) against PD-1, and Bavencio® (avelumab), Imfinzi® (durvalumab), and Tecentriq® (atezolizumab) against PD-L1, are associated with remarkable response rates in various cancers and have revolutionized cancer treatment.

The success of these drugs are often accompanied by adverse side effects (11–14), and only a subset of patients (10%–30%) respond to monotherapy due to the development of primary and secondary resistance.

Compared with all other cancer therapeutic strategies or immunotherapeutic approaches, cancer peptide-based vaccines might provide unique and effective options for active immunotherapy that induce specific anti-tumor immune responses (15–19). Additionally, peptide vaccines have low toxicity, are offered at a lower cost to patients, and are relatively easy to manufacture (20, 21) with the potential to be a treatment option against cancer in the near future. With relatively limited toxicity and limited serious adverse events, cancer vaccines have the potential to provide promising and effective tumor therapy. In 2010, FDA approved the first cancer vaccine for the therapy of cancer (22), heralding a new era in immuno-oncology.

We have recently developed an anti-PD-1 B-cell epitope called PD1-Vaxx using an active immunization approach to treat participants with tumors that overexpress PD-L1 (23). The hypothesis is that a polyclonal-induced B-cell antibody response will be more effective or as effective with improved safety over the current monoclonal antibody therapy. The expected production of B-cell-derived polyclonal antibodies should produce a durable antibody response and a potentially continuous anti-tumor effect.

An appropriate immunization schedule and selection of an effective adjuvant play a pivotal role in cancer vaccine strategies. In order to simplify and accelerate vaccination protocols and to confirm which immunization schedules can elicit high immunogenicity responses in animals, we investigated whether there is a difference between 2-week interval and 3-week interval immunization strategies, to determine the best schedule and adjuvant given that clinical application requires the fastest attainable immune activation, especially when targeting the treatment of rapidly progressing tumors such as NSCLC.

Additionally, we investigated which adjuvant, Montanide ISA 720 or Montanide ISA 51, created the best induction of an effective immune response with enhanced immunogenicity.

This manuscript summarizes the immunogenicity and antitumor activity and nonclinical pharmacology, pharmacokinetic, and toxicology studies conducted on PD1-Vaxx, which formed the basis for translation from experimental application in animals to clinical application as a potential human immunotherapy. Based on these nonclinical results, PD1-Vaxx has acceptable pharmacology, immunogenicity, and nonclinical safety (safety pharmacology, pharmacokinetics, and toxicology) profiles to justify initiating clinical trials with PD1-Vaxx as monotherapy in NSCLC patients who have been shown to overexpress PD-L1.



2 Experimental Methods and Materials


2.1 Peptide Synthesis

As previously described (23), we synthesized a novel MVF-PD-1(92-110) peptide vaccine. Briefly, peptide synthesis was performed using 9600 Milligen/Biosearch solid-phase peptide synthesizer (Millipore, Bedford, MA, USA) using Fmoc/t-Butyl chemistry and PyBOP/HOBT coupling reagents on either CLEAR amide resin or CLEAR acid resin (Peptides International, Louisville, KY, USA). All MVF derived chimeric peptide vaccines were co-linearly synthesized with a “promiscuous“ Th cell epitope derived from the measles virus fusion protein (MVF; residues 288–302, KLLSLIKGVIVHRLEGVE) using a four-residue linker Glycine-Proline-Serine-Leucine (GPSL). Peptides were cleaved from the resin using cleavage reagent R (TFA)/thioanisole/EDT/anisole (90/5/3/2), and crude peptides were purified by semi-preparative (C-4 or C-18 Vydac columns) reversed-phase High-performance liquid chromatography (HPLC) (Waters, Bedford, MA, USA) and characterized by MALDI (matrix-assisted laser desorption ionization) mass spectroscopy at the CCIC (Campus Chemical Instrumentation Center, The Ohio State University, Columbus, OH, USA). All fractions were analyzed on analytical RP-HPLC and characterized by MALDI. The RP-HPLC fractions showing the same mass spectrum peak were pooled together and lyophilized.



2.2 Animals: BALB/c Mice, Beagle Dogs, Cynomolgus Monkeys

As in previous studies, all experiments were performed in accordance with the US Public Health Service Policy on Humane Care and Use of Laboratory Animals and approved by the Ohio State University Institutional Animals Care and Use Committee and detailed in the accepted protocol (2009A0013-R2:2/5/2015-2/5/2018; 2009A0013-R3:1/18/2018-1/18/2021; 2009A0013-R4 and 11/9/2021-11/9/2024). BALB/c mice, beagle dogs, and non-human primate cynomolgus monkeys were used in this study supported by Imugene Limited Australia; the animals were purchased from Charles River Laboratories (Wilmington, MA, USA), and the cynomolgus monkey experiments were contracted and carried out at the Charles River Laboratories Ashland, LLC, United States.



2.3 Procedures


2.3.1 Immunization Procedure: Beagle Dog

In brief, the beagle dogs were purchased from Covance Research Products (Cumberland, VA, USA) and were housed in the Ohio State University Veterinarian Facility Institutional Animal Care Facility. The dogs were housed at 19°C−24°C room temperature with approximately 70% humidity, and 12 h light and 12 h dark–light cycle. The dogs’ body weights were at least 7.5 kg when they received the first immunization. There were four dogs in the current study to test PD1-Vaxx, negative control, low dose 1.0 mg, medium dose 1.5 mg, and high dose 3.0 mg, mixed with ISA 720 and nor-MDP. The dogs received a total of 4 doses, immunization was done at the rear thigh with two sites of injections, the bleed was collected as indicated time points to monitor the antibody titers, and the body weight of each dog was monitored closely (see Figures 3B, C for detail).



2.3.2 Immunization Procedure: Non-Human Primate

The non-human primate studies were carried out by the Charles River Laboratories (Ashland, OH USA). All the cynomolgus monkeys (Macaca fascicularis of Chinese origin) were obtained from Charles River Laboratories (Houston, TX, USA). In brief, the animals were approximately 2–4 years old and at the body weight between 2.2 and 3.1 kg at the initial dosing. The animals were kept at the temperature between 19°C and 24°C, humidity 30%–70%, and with 12 h light and 12 h dark light cycle. The Good manufacturing practice (GMP)-manufactured vaccine was used in the non-human primate study. The dosing formulations [IMU-201 (PD1-Vaxx) with ISA 720 VG vehicle], 50%:50% emulsion with a total volume of 1 ml per dose, vehicle control mixed with sterile water were prepared at appropriate concentrations to meet the dose requirements. Similar to mouse and dog dosing preparation, after the emulsion was prepared, a drop test was performed on each time of dosing to confirm that the emulsion had been prepared properly. If the drops of formulation did not mix with water in the beaker at the room temperature, this indicated that the antigen in oil emulsion had been properly prepared. The dose volume was split approximately equally across two different sites; 0.5 ml of the dose was intramuscularly (IM) injected into the right posterior lateral thigh, the left dosing was injected into the left site. All the animals’ body weights were monitored weekly after receiving. After each immunization, the animal body temperature was tested 6 and 24 h post each immunization. Each of the individual monkeys received 4 doses of the vaccine with a 2-week interval during the study (except half the number of monkeys removed out of the study at day 43 did not receive the last immunization). The animal bleed were collected before each time of immunization to monitor the antibody titers. There were two sets of non-human primate studies conducted. The first set of monkey study No.00213515 had 24 monkeys, 12 males, and 12 females divided into 4 groups: vehicle control, low dose 0.5 mg, medium dose 2 mg, and high dose 5 mg. There were 16 monkeys (8 males and 8 females) in the second set of monkey study No. 00213519. The monkeys in the four groups were vaccinated as follows: vehicle control, low dose 25 μg, medium dose 100 μg, and high dose 250 μg.




2.4 Cancer Cell Line and In Vivo Study of CT26/Tumor Model on BALB/c Mice

The peptide vaccine MVF-PD-1(92-110) was dissolved in sterile water and mixed with either ISA 720 or ISA 51 (1:1) ratio. We utilized the well-established murine colon carcinoma cell line CT26 tumor model in syngeneic BALB/c mice to evaluate the effects of vaccination previously described (23). Briefly, 6–8-week-old female BALB/c mice were immunized with the peptide vaccine, and 2 weeks after the third immunization, the mice were challenged with 1×105 CT26 colon cancer cells by subcutaneous injection (SC). The CT26 cancer cell line was maintained in the DMEM medium with 10% FBS 5% CO2 at 37˚ C. Phosphate-buffered saline (PBS)-treated mice were set as negative control, while the positive control group mice were treated with an anti-mouse PD-1 monoclonal antibody (clone 29F.1A12; Bio X Cell, West Lebanon, NH, USA) with 200 μg/dose per mouse. Blood was collected biweekly after the primary immunization until 2 weeks after the third immunization. Tumor growth was monitored daily, especially 7 days after the tumor challenge. The mice were euthanized at the end of treatment, and the tumors were extracted and weighed.

The mice in PBS and mAb (29F.1A12) groups, n = 10; group 1 to group 7, n = 8, group 8 n = 7 (one mouse was lost due to a non-immunization related reason before the challenge).



2.5 Enzyme-Linked Immunosorbent Assay and Human Recombinant Protein Activity Test

Enzyme-linked immunosorbent assay (ELISA) was performed per our lab standard procedure. Briefly, a 96-well plate was coated with 100 μl of MVF-PD-1(92-110) peptide as an antigen at 2 μg/ml in phosphate-buffered saline (PBS; Research Products International, Mt Prospect, IL, USA, CAS No. 7647-145) overnight at 4°C. Nonspecific binding sites were blocked for 1 h with 200 μl of PBS with 1% BSA (bovine serum albumin; Thermo Fisher Scientific, Waltham, WA, USA, BP9703-100), and the plate was washed with a washing buffer (PBS diluted 0.05% Tween 1% horse serum). Vaccine antibodies in the blocking buffer were added to the antigen-coated plate in duplicate wells, serially diluted 1:2 in the blocking buffer, and incubated for 2 h at room temperature. After washing the plates, 100 μl of 1:500 goat anti-rabbit IgG conjugated to horseradish peroxidase (Invitrogen, Waltham, MA, USA, REF:31430) was added to each well and incubated for 1 h at room temperature. After washing, the antibody was detected using 50 μl of 0.15% H2O2 in 24 mM of citric acid and 5 mM of the sodium phosphate buffer (pH5.2) with 0.5 mg/ml 2, 2’-aminobis (3-ethylbenzthiazole- 6-sulfonic acid, ABTS; Sigma, St. Louis, MO, USA) as the chromophore. Color development proceeded for 10 min, and the reaction was stopped with 25 μl of 1% SDS (sodium dodecyl sulfate; Thermo Scientific, Waltham, WA, USA, Prod#28312). Absorbance was read at 415 nm using an ELISA microplate reader (SPECTRAmax PLUS384; Molecular Devices, San Jose, CA, USA). The highest dilution at the cutoff absorbance 0.2 were determined as the antibody titer.

For the detection of PD-1 human recombinant protein activity, the human recombinant protein PD-1 (PD1-H5221, HIS tag; ACROBiosystems, Newark, DE, USA) 100 μl at the concentration of 10 μl/ml were coated on the 96 wells plate as an antigen. The following procedures were performed as the description of ELISA.



2.6 Antibody Isotyping Assay

The experimental assay was carried out by following the manufacturer instruction and lab protocol. The mouse antibody isotypes (i.e., IgA, IgM, IgG1, IgG2a, IgG2b, and IgG3) were determined using the Mouse Typer isotyping kit (BIO-RAD, Hercules, CA, USA, Cat. #172-1722055). Briefly, the wells of a 96-well assay plate (COSTAR, Washington, D.C., USA, REF#2797) were coated with 100 μl of 2 μg/ml peptide antigen in double-distilled water (ddH2O) and incubated at 4°C overnight. The plate was washed with a washing buffer (0.05% Tween-20 and 1% horse sera in PBS). The plate was blocked with 1% BSA in PBS at room temperature for 1 h. Approximately 100 μl of diluted sera was added to each well. The dilutions of each sera samples were determined by the ELISA titers shown in the absorbance of 0.4 or higher after subtracting the background. After washing the wells, 100 μl of ready-to-use rabbit anti-mouse subclasses antibodies were added to each well, respectively, and incubated at room temperature for 2 h. The wells were washed again; 100 μl (1/3,000 dilution of goat anti-rabbit conjugated to the HRP antibody) (BIO-RAD, Hercules, CA, USA, Cat. #172-1019) was added to each well and incubated for 1 h at room temperature in dark room. The plate received a final wash, and 50 μl of the prepared substrate solution was added to each well (BIO-RAD, Hercules, CA, USA, Cat. #1721064). The reaction was stopped with 25 μl of a 5% SDS stopping buffer. Absorbance at 415 nm was determined using an ELISA plate reader. The similar procedure was performed on the analysis of canine antibody isotypes (i.e., IgA, IgM, IgG1, IgG2).



2.7 Statistical Analysis

The mice challenged with CT26 tumor cells were monitored at least twice per week and tumor sizes were measured by calipers. The formula, volume (LWW) = (length × width × width)/2, was used to calculate tumor volumes. All values are shown as means ± standard deviation. Data statistical analysis was performed by GraphPad Prism 8.1.2 (GraphPad Software, Inc. San Diego, CA, USA) and the indicated statistical analysis. The percentage of tumor growth inhibition (%TGI) was defined as the difference between the median tumor volume (MTV) of the treatment group with the PBS control group, and the value was calculated by the following formula: %TGI=100*(MTV control − MTV test)/MTV control. The percentage of complete response (CR) was defined as the tumor volume equal to or less than 50 mm3 for at least 3 consecutive measurements during the study. The log-rank (Mantel−Cox) test was used to compare the percentage of CR in multiple groups. Student’s t-test was used to analyze the difference between the two groups. One-way analysis of variance (one-way ANOVA) followed by the Tukey’s multiple comparison test were used to compare data in multiple groups or data between groups in multiple groups, and the two-way ANOVA was used to analyze the whole curve comparison. The log-rank (Mantel−Cox) test was use to compare the survival curves. A p-value or an adjusted p-value less than 0.05 was accepted as a statistically significant difference.




3 Results


3.1 Selection, Design, and Characterization of Peptide Epitopes for Human PD-1

The selection of candidate B-cell epitopes expressed on the surface of PD-1 was accomplished by a computer-aided analysis using six correlates of antigenicity. A potential epitope was selected for further investigation as described in Kaumaya et al. (23).

1PPTFSPALL11VVTEGDNATF21TCSFSNTSES31 FVLNWYRMSP40

41SNQTD45KLAAF51PEDRSQPGQD 61CRFRVTQLPN 71GRDFHMSVVR80

81ARRNDSGTYL91CGAISLAPKL101QIKESLRAEL111RVTERRAEVP 121TAHPSPSP

The PD-1 amino acids 92-110 (92GAISLAPKL101QIKESLRAEL110) chosen for evaluation were selected based on the crystal structure of PD-1:PD-L1. This PD-1 sequence was synthesized as a chimeric construct with a promiscuous T-cell helper epitope derived from the measles virus fusion protein (MVF, amino acids 288-302). The specificity of the selected PD-1 peptide was determined by surface plasmon resonance spectroscopy. The results from binding affinity studies using human PD-L1 and nivolumab (an approved human IgG4 monoclonal antibody that blocks PD-1) showed that MVF PD-1 (92-110), which includes the PD-1 amino acids in APi2568, was able to recognize and bind both rhPD-L1 and nivolumab and thus could act as an inhibitor of PD-1:PD-L1.


3.1.1 GMP Peptide Manufacture

The drug substance (called APi2568) is a 41-amino acid peptide [cGMP batch manufactured by Ambiopharm Inc (North Augusta, GA, USA) and sterile-filled and lyophilized and finished by the University of Iowa Pharmaceuticals Inc. (Iowa City, IA, United States)]. The peptide comprises a B-cell epitope (amino acids 92-110 from the PD-1 receptor) linked to a promiscuous T-cell epitope (amino acid residues 288−302 from measles virus fusion protein) via a 4-amino acid linker (Gly-Pro-Ser-Leu).

APi2568 [MVF-PD-1(92-110)] is combined with water for injection to form the aqueous-phase vaccine and drug product called IMU-201. PD1-Vaxx is the water-in-oil emulsion formulation for IM injection prepared with IMU-201 and an adjuvant, Montanide ISA 720 VG.




3.2 Pharmacology and Immunogenicity


3.2.1 Assessment of Immunogenicity, Isotype Distribution, Immune Stimulant nor-MDP, ISA 720 Versus ISA 51 and Vaccination Schedules (2v3 Weeks) in BALB/c Mice Challenged With CT26 Colon Carcinoma Cell Lines

To verify and confirm the previous immunogenicity studies and antitumor activities of PD-1(92-110) (23), 6–8-week-old BALB/c mice were vaccinated with MVF-PD-1(92-110) every 2- or 3- week intervals. Peptide cancer vaccine (100 μg) mixed with ISA 720 (1:1) or ISA 51 (1:1) or nor-MDP 33 μg were used per mice. Mice were boosted with the designed doses of vaccine every 2- or 3-week intervals for a total of 3 vaccine shots. Blood was collected weekly for monitoring antibody titers. After 2 weeks of the third immunization (3Y), mice were challenged with CT26 colon carcinoma cells for 1×105 cells per mouse. The tumor growths were monitored and checked daily, especially 7 days post-challenge, and the tumor size was measured with calipers (Figure 1A). For the positive control group, we treated the mice with an anti-mouse PD-1 antibody (clone 29F.1A12) twice a week for up to three weeks, while the negative control group was treated with PBS. The mice CT26 tumor model study was separated into 10 different groups, post-challenge treated with PBS as the negative control group or an anti-mouse PD-1 antibody (clone 29F.1A12) as positive control group (Figure 1B). Group 1 to group 8 comprised the peptide vaccine treatment groups. Groups 1/2/5/6 were treated every 3 weeks, while groups 3/4/7/8 were treated every 2 weeks. ISA 720 was used in groups 1/2/3/4, while ISA 51 was used in groups 5/6/7/8. Nor-MDP was used in groups 1/3/5/7. Mice bleed were collected weekly, except the first collection was 3 weeks after primary immunization, and ELISA was used to detect antibody titers in sera to determine the immunogenicity of MVF-PD-1(92-110) peptide-immunized BALB/c mice (Figure 1C). A high-titer antibody has been established in the mice with antibody titers registering 30,000 and up to 60,000 after the third immunization. A subclass of antibody isotypes in BALB/c mice after immunization with MVF-PD-1(92-110) in each group were also analyzed as shown in Figure 1D. The majority of antibody isotypes were IgG1, IgG2a, and IgG2b. The percentage of each isotypes is different in the treatment groups. IgG1 ranges from 21% in group 3 to 47% in group 5. IgG2a ranges from 17% in groups 5 and 6 to 30% in group 8. IgG2b ranges from 19% in group 1 to 33% in group 3. There were very little IgM and IgA isotypes, whereas IgG3 had between 11% and 15%. There was little difference in isotype distribution between the two immune stimulants ISA720 and ISA 51. The monoclonal antibody 29F.1A12 is an IgG2a isotype antibody; here, the polyclonal antibody with different subtypes is the most advantageous compared with the single-isotype monoclonal antibody to fulfill its function. The inclusion or exclusion of nor-MDP also had little effect on immunogenicity and or in isotype distribution. Similarly, the vaccine schedule/interval of 2 weeks versus 3 weeks had very little effect on each of the parameters tested. In conclusion, the decision was made to expedite the vaccine schedule to 6 weeks versus 9 weeks and simplify the vaccine emulsion preparation by removing the nor-MDP adjuvant.




Figure 1 | Immunogenicity and antibody isotypes of CT26 BALB/c mice model. (A) Approximately 6–8 weeks old female BALB/c mice were vaccinated with MVF-PD-1(92-110) for every 2- or 3-week interval. Peptide cancer vaccine 100 μg mixed with ISA 720 (1:1) or ISA 51 (1:1) or nor-MDP 33 μg were used per mice. Mice were boosted with the designed doses for every 2- or 3-week intervals. Blood was collected weekly for monitoring antibody titers. After 2 weeks of the third-time immunization (3Y), mice were challenged with CT26 colon carcinoma cells for 1 × 105 cells per mice. The tumor growth was checked daily, especially 7 days of post-challenging, and the tumor size was measured with a caliper. For the positive control group, we treated the mice with anti-mouse PD-1 antibody (clone 29F.1A12) twice a week for up to three weeks, in which the negative control group was treated with PBS. (B) Mice CT26 tumor model study was separated into 10 different groups, post-challenge treated with PBS or anti-mouse PD-1 antibody (clone 29F.1A12) are negative control group and positive control group, respectively. From group 1 to group 8 are the peptide vaccine treatment groups. Groups 1/2/5/6 were treated every three weeks, while groups 3/4/7/8 were treated every 2 weeks. ISA 720 was used in group 1/2/3/4, while ISA 51 was used in group 5/6/7/8. Nor MDP was involved in group1/3/5/7. (C) Immunogenicity of MVF-PD-1(92-110) peptides immunized BALB/c mice. Mice bleeds were collected weekly except the first collection was 3 weeks after primary immunization, and ELISA were used to detect antibody titers in sera; the highest dilution refer to the antibody titers as indicated in the images, for example, 12.8k indicates 1 to 12.8k or 1 to 12,800 dilution; (D) Antibody isotypes of BALB/c mice after immunized with MVF-PD-1(92-110) in each group. Each subtype of antibody was calculated as percentage indicated in the images. Group 1 has been published on Oncoimmunology 2020, VOL. 9, NO. 1, e1818437.





3.2.2 Antitumor Efficacy in Syngeneic BALB/c Mice Challenged With CT26 Carcinoma Cell Line

We have previously established the rate of tumor growth by vaccination with various peptide vaccines and treatments with the anti-mouse PD-1 antibody (clone 29F.1A12). Each group of mice immunized with MVF-PD-1(92-110) peptide was compared with PBS negative control and a positive control group with anti-mouse PD-1 antibody (clone 29F.1A12); the tumor volume was calculated by LWW (Figures 2A, B) for individual mouse and the different treatment groups, respectively. The number mice in each group as indicated, PBS and mAb 29F.1A12 n = 10, group 1 to group 7 n = 8, and group 8 n = 7. The results showed that in the majority of the mice, the tumor size has been significantly inhibited by the peptide vaccine and anti-mouse PD-1 antibody (clone 29F.1A12) versus with the PBS group with a p-value less than 0.01 by the two-way ANOVA of a whole-curve comparison. At day 14 and day 16, the one-way ANOVA indicated p<0.01 and p<0.05, respectively, of a 10-group comparison (Figure 2C). The percentage of tumor growth inhibition analysis (Figure 2D) at day 14 and day 16 showed about 50% or above tumor growth inhibition of all treatment groups compared with the PBS group, especially at day 14. For day 16%TGI, due to few mice with limited tumor control ability result in G1 and G2 seems with relatively lower %TGI, while G3 and G7 mice showed higher tumor growth inhibition ability.




Figure 2 | Antitumor efficacy in syngeneic BALB/c mice challenged with CT26 colon carcinoma cell line. (A) Individual plots of tumor growths in BALB/c mice immunized with MVF-PD-1 (92-110) vaccine, PBS as negative control, and anti-mouse PD-1 antibody (clone 29F.1A12) as positive control. As indicated, in the PBS and the mAb (29F.1A12) groups, n = 10, group 1 to group 7 n = 8, group 8 n = 7 (one mouse was lost in this group, resulting from an immunization-unrelated reason.) (B) Tumor burden (LWW) by days in BALB/c mice of each treatment group, and two-way ANOVA was used to analyze the whole curves of tumor growth. (C) Tumor burden (LWW) at day 14 and day 16 in BALB/c mice of each treatment group, and one-way ANOVA was used to analyze all 10 groups at each time point. (D) Percentage of tumor growth inhibition (%TGI) was used to compare the treatment groups with the PBS control group. The value was calculated by formula: %TGI=100* (MTV control − MTV test)/MTV control, both calculated at day 14 and day 16. (E) In this panel, we show the different combined groups: all PD-1(92); G1–G8 with n = 63; 3W are groups 1/2/5/6 with n = 32; 2W are groups 3/4/7/8 with n = 31; ISA 720 are groups 1/2/3/4 with n = 32; ISA 51 are groups 5/6/7/8 with n = 31; nor-MDP are groups 1/3/5/7 with n = 32; no nor-MDP are groups 2/4/6/8 with n = 31; (F) Within all the combined PD-1(92) immunized mice (n = 63), the outlier analysis was performed by using GraphPad software; four of the outliers are indicated in the image; (G) At Day 14 and day 16, the tumor size in different groups was analyzed by one-way ANOVA; *p < 0.05, **p < 0.01, ns, no statistical significance; (H) Further comparison analysis of day 16 tumor volume in different groups by removal of the 4 statistical outliers or the top two largest outliers; (I) the percentage of CR was defined as tumor volume equal or less than 50 mm3 for at least 3 consecutive measurements during the study. The log-rank (Mantel–Cox) test was used to compare the percentage of CR in multiple groups: #p < 0.01 versus PBS and p < 0.01 versus 29F.1A12.



In order to better understand the 2-week vs. 3-week interval, ISA 720 vs. ISA 51, and nor-MDP vs. no nor-MDP strategy to assess the best option for the human clinical trial, further analysis was performed by combining some groups together (see Figure 2E). Within all the 63 PD-1(92)-immunized mice, a number of mice had a larger tumor size from day 14 to day 16. The outliers, 1 mouse in G2 (3W ISA 720), 1 mouse in G5 (3W, ISA 51, nor-MDP), 1 mouse in G1 (3W, ISA 720, nor-MDP), and 1 mouse in G4 (2W, ISA 720), were identified by GraphPad software outlier analysis (Figure 2F). We found that within all the combined groups with significant difference versus the PBS group showed no difference with the mAb group 29F.1A12 group at day 14. Several mice at day 16 showed a larger tumor volume, resulting in no significant difference versus the PBS group, for example, 3W vs. PBS, ISA 720 vs. PBS, and no nor-MDP vs. PBS (Figure 2G). However, upon further analysis by removing the four statistical outliers or the two largest outliers in the combined groups, all the groups are significantly different with PBS groups (Figure 2H). Notably, the percentage of complete response indicated that all the combined immunized groups showed a significant difference compared with PBS and mAb (29F.1A12) group (Figure 2I). This suggested that the mice immunized with the PD-1(92) vaccine showed a higher percentage of complete response. A limitation in the present studies is that we did not track the live chart as the aims and goals of the study were to verify the immunogenicity of immunized mice in the different categories such as a 3-week versus 2-week interval, the removal of nor-MDP, and the use of ISA720 versus ISA51 to provide clinical information for the IND application to the FDA.

Overall, the peptide-immunized mice showed good tumor inhibition comparable to monoclonal antibody-treated mice. There was no difference in this study between the peptide vaccine- treated group and the anti-mouse PD-1 antibody (clone 29F.1A12)-treated group. Additionally, we did not find a difference between 2-week interval immunization and 3-week interval immunization strategies.

Altogether, our CT26/BALB/c tumor model indicated that there was no significant difference between 2-week and 3-week interval immunization strategies after mice were challenged with the CT26 colon carcinoma tumor cells. These two different immunization methods showed a similar tumor inhibition ability by the novel peptide vaccine, PD1-Vaxx. The only noticed difference between 2-week and 3-week interval immunization is the immunogenicity response before the third (3Y) immunization. Before 3Y immunization, 2-week-interval immunized mice showed relatively lower antibody titers compared with the same point in mice immunized every 3 weeks. However, after the 3Y, a super high immune response in mice was obtained with either independent immunization strategy. There was no significant difference between 2-week interval and 3-week interval, ISA 720 and ISA 51, or with or without nor-MDP, respectively.



3.2.3 MVF-PD-1 (92-110) Peptide Shows High Immunogenicity in Beagle Dogs

This study was designed to monitor the kinetics of how quickly the antibody levels to MVF-PD-1(92-110) diminished after the dosing was stopped. The recall of an antibody response was also tested after re-challenge. Four beagle dogs were used in this study of MVF-PD-1(92-110) peptide cancer vaccine. Dogs #1, #2, and #3 were treated with MVF-PD-1(92-110) emulsified with nor-MDP and ISA 720 using different doses (Figure 3A). Dog#1 was treated with 1.0 mg low-dose peptide, dog#2 was treated with 1.5 mg medium-dose peptide, and dog #3 was treated with 3.0 mg high-dose peptide. The negative control dog #10 was only treated with the MVF peptide emulsified with nor-MDP and Montanide ISA720. Dogs were immunized 4 times designated as 1Y, 2Y, 3Y, and 4Y at Day 0, Day 35, Day 56, and 6 months after primary immunization, respectively. Blood was collected every 2 weeks, except for the first collection, which was 3 weeks after the primary immunization and 1 week after 2Y and 3Y immunization (Figure 3B). The sera were used to monitor the antibody titers. We monitored the beagle dogs’ body weight closely during the immunization period (Figure 3C). As shown, all the dogs have gained some weight by the end of the experiment compared with the initial weight.




Figure 3 | Immunogenicity and safety in Beagle dogs. (A) There were 4 beagle dogs involved in this study. Dog #1, #2, and #3 were treated with single MVF-PD-1(92-110) nor-MDP and ISA 720 with different doses. Dog #10 was a negative control; (B) Dogs were immunized 4 times, which point to 1Y, 2Y, 3Y, and 4Y at day 0, day 35, day 56, and 6 months after primary immunization, respectively. Blood was collected every two weeks except the first collection was 3 weeks after the primary immunization and 1 week after 2Y and 3Y immunization. The sera were used to monitor the antibody titers. All the beagle dogs were transferred out of protocol after this preclinical study. (C) The plot of dogs’ body weight during the experimental period. (D) Immunogenicity of peptide-based vaccines in beagle dogs. ELISA were used to detect antibody titers in sera. (E) Isotypes IgM, IgA, IgG1, and IgG2 in canine were detected after being immunized with MVF-PD-1(92) peptide vaccine. (F) Dogs’ sera antibody activity with human recombinant protein PD-1 His.



ELISA was used to detect antibody titers in sera. For the dogs treated with MVF-PD-1(92-110) peptide, the vaccine elicited a high titer antibody; especially after 4Y immunization, the antibody titers are equivalent or even much higher than before (Figure 3D). This study was designed to monitor the kinetics of how quickly the antibody levels to MVF-PD-1 (92-110) (APi2568) diminished after the dosing was stopped. The recall of an antibody response was also tested after a re-challenge. As shown in Figure 3D, this exploratory study demonstrated antibody titers dropped to very low levels in the absence of dosing but could be recovered if the dog was re-challenged with vaccine.

In order to investigate the diversity of the antibody produced by immunized dogs, isotypes IgM, IgA, IgG1, and IgG2 in dogs were detected after being immunized with the peptide vaccine (Figure 3E). In MVF-PD-1(92-110) vaccine-treated dogs, the majority of isotype is IgG2, which ranged from 74% to 81%, the IgG1 range from 12% to 18%, IgM from 5% to 9%, and IgA less than 2%. Peptide sera from dogs #1, 2, and 3 were used to detect the antibody activity against human recombinant protein PD-1. Dog #2 with medium dose had higher reactivity than the low-dose dog #1 or highest-dose dog #3, indicating that the medium dose is likely the optimum dose in dogs (Figure 3F). In conclusion, as shown in Figure 3E, there was a strong bias toward the antibodies of the IgG2 type.

Collectively, all dogs responded to immunization with PD1-Vaxx eliciting a robust polyclonal antibody response. Titers reduced to baseline levels once dosing was ceased but could be recalled if the dogs were boosted with vaccine at 6 months. No lesions or adverse observations were noted when the dogs were boosted at 6 months.



3.2.4 Conclusions of Mice and Dog Studies

Based on these results in mice and dogs, the emulsion formulation of MVF-PD-1(92-110) considered optimal for further development consisted of a 1:1 mixture of an aqueous solution of MVF-PD-1(92-110) and Montanide ISA 720 VG solution; this formulation was designated PD1-Vaxx (emulsion of the proposed drug product, IMU-201 with Montanide ISA 720 VG).

In view of the 100% homology between human and cynomolgus monkeys for the target PD-1 (Table 1), the cynomolgus monkey was proposed as the species for nonclinical Good Laboratory Practice (GLP)-compliant toxicology studies.


Table 1 | The homology of PD-1 peptide sequence in species of human, cynomolgus, rhesus, mouse, canine, and rat.





3.2.5 Anti-APi2568 Antibody Titers in Monkey Serum After Capture by RhPD-1

The non-human primates were approximately 2−4 years old and weighed between 2.2 and 3.1 kg at the initiation of dosing. Two sets (#00213515 and #00213519) of non-human primate cynomolgus monkeys study were performed at Charles River Laboratories (Ashland, OH, USA). All the cynomolgus monkeys were immunized with MVF-PD-1(92) (PD1-Vaxx, APi2568), with a total of 40 non-human primates. The immunization strategies were done on a 2-week interval based on our previous preclinical BALB/c mice model studies.

In the non-human primate study (#00213515), 24 non-human primates, cynomolgus monkeys, were used. The monkeys were immunized four times (1Y, 2Y, 3Y, and 4Y at days 1, 15, 29, and 43, respectively). Sera were collected at day 1 (pre), day 43, and day 59 (Figure 4A). There were four groups and 6 monkeys in each group. Group 1 was the control group, which was treated with only ISA 720 and ddwater. Groups 2, 3, and 4 were peptide PD-1Vaxx treatment groups and were treated with low-dose 0.5 mg/dose, medium-dose 2 mg/ml, or high-dose 5 mg/ml peptide vaccine, respectively (Figure 4B), emulsified in ISA 720.




Figure 4 | Non-human primates’ study, anti-APi2568 antibody in monkey serum activity with rh-PD-1 His and Half-life of APi2568 (MVF-PD-1(92)) in the monkey plasma. (A) First set of monkey study No.00213515, non-human primates, cynomolgus monkeys, were used in this study. The monkeys were immunized three times, which point 1Y, 2Y, 3Y and 4Y with 2-weeks interval. The bleeds were collected at pre, 2Y+2/3Y, 3Y+2 and 4Y and 4Y+2. (B) There are four groups and 6 monkeys in No.00213515 of each group. Group 1 is the control group, which was treated with only ISA 720 and water. Group 2, group 3, and group 4 are peptide treatment groups, which were treated with low 0.5 mg/dose, medium 2 mg/dose, and high 5 mg/dose in No.00213515; (C) on the second set of non-human primate study No.00213519, 16 of cynomolgus monkeys were used in this study. The monkeys were immunized three times, which point 1Y, 2Y, 3Y, and 4Y with 2-week intervals. The bleed was collected at pre, 2Y+2/3Y, 3Y+2 and 4Y and 4Y+2. (D) There are four groups and 4 monkeys in No.00213519 of each group. Group 1 is the control group, which was treated with only ISA 720 and water. Group 2, group 3, and group 4 are peptide treatment groups, which were treated with low 25 μg/dose, medium 100 μg/dose, and high 250 μg/dose of peptide vaccine in No.00213519; (E, F) Immunogenicity of peptide-based vaccines in non-human primates. ELISAs were used to detect antibody titers in sera of both monkey study No.00213515 and No.00213519, respectively; the numbers indicated the highest dilution of sera, titers; (G) Absorbance value at OD 415 nm of monkey serum immunized with APi2568 [MVF-PD-1(92)] peptide vaccine against human recombinant protein PD-1 activity. The 1:100 diluted sera were used. (H) Half-life of APi2568 (MVF-PD-1(92) peptide vaccine in the monkey plasma at day 43 after immunization, which indicated that the relatively higher dose has relatively longer half-life in the monkey plasma, both in male and female.



In the second set of non-human primate study (#00213519), 16 non-human primates, cynomolgus monkeys, were used. The monkeys were immunized three times at 2-week intervals represented by 1Y, 2Y, 3Y, and 4Y at days 1, 15, 29, and 43, respectively.The bleed were collected at day 1 (pre), day 29 (2Y+2/3Y), day 43 (3Y+2 and 4Y), and day 57 (4Y+2) (Figure 4C). There were four groups with 4 monkeys (2 males and 2 females) in each group. Group 1 was the control group, which was treated with only ISA 720 and ddwater. Group 2, group 3, and group 4 were peptide treatment groups, which were treated with low-dose 25 μg/dose, medium-dose 100 μg/dose or high-dose 250 μg/dose of PD1-Vaxx peptide vaccine, respectively (Figure 4D). The Immunogenicity of peptide-based vaccines in non-human primates was detected by using ELISA to detect antibody titers in the sera of both non-human primate studies (Figures 4E, F). The relative high antibody responses have been established in each individual cynomolgus monkey.

Using the serum collected from cynomolgus monkeys in the GLP-toxicology study, where monkeys were administered IMU-201 (as PD1-Vaxx) at APi2568 doses of 25, 100, and 250 µg on days 1, 15, 29, and 43 (4 total doses) and serum samples collected on days 1, 29, 43, and 57 (after a 2-week recovery period) were evaluated for anti-APi2568 antibody titers. The anti-APi2568 antibody titers were high and were relatively uniform across sample collection days and between the APi2568 dose groups. However, these antibody titers were determined using APi2568 to capture the formed antibodies and did not determine if the formed antibodies would recognize PD-1. In a separate experiment, these monkey serum samples were tested using recombinant human PD-1 (rhPD-1) as the capture agent. Figure 4G shows the individual monkey anti-APi2568 antibody in sera on days 29, 43, and 57 activities against human recombinant PD-1 protein. These antibody results indicated that some of the anti-APi2568 antibody formed in monkeys recognized rhPD-1, suggesting that the anti-APi2568 antibodies formed in humans after vaccination with PD1-Vaxx would recognize PD-1 expressed on immune cells. See Table 2 for summary of mouse, dog, and non-human primate experiments.


Table 2 | Summary of mouse, dog, and non-human primate experiments.






3.3 Pharmacokinetics

As part of a GLP-compliant, toxicology, toxicokinetic (TK), and immunogenicity study (Charles River Laboratories, Ashland, Ohio, OH, United States), day 1 and day 43 systemic exposure (or TK) profiles of APi2568 [filled and finished(UI Pharmaceuticals, Iowa City,I A ) MVF-PD-1(92-110)] in male and female cynomolgus monkeys were determined after the APi2568 doses of 0.5, 2, and 5 mg/dose were administered IM as PD1-Vaxx (see Table 3).


Table 3 | Mean toxicokinetic parameters for Api2568 in male and female monkeys on day 1 and day 43.



For the determination of TK parameters, blood samples were collected at various times after dosing analyzed using a validated UHPLC-MS/MS (ultra-high-performance liquid chromatography with tandem mass spectrometry) method, for the quantification of APi2568 in monkey plasma.

Following the IM administration of APi2568 at 0.5, 2, and 5 mg/dose to male and female monkeys, measurable plasma APi2568 concentrations on day 1 were insufficient to calculate AUC values, except in 1 monkey/sex at 5 mg/dose. After APi2568 repeated dosing (every 14 days for 4 doses), all monkeys were systemically exposed to APi2568 by day 43 with exposure in female monkeys generally lower than that observed in male monkeys.

Figure 4H presents the mean (generally n = 3) APi2568 plasma concentration half-life time profiles for each APi2568 dose level on day 43 from which we can see that the relatively higher dose would result in the relatively longer half-life in the plasma both in male and female monkeys. Notably, we observed that the APi2568 has a longer half-life in the male monkey than female, especially in high dose and medium dose as shown in the Figure 4H.

On Day 43, APi2568 plasma concentrations remained near (≤6-fold) the LLOQ (lower limit of quantification) in the 0.5 mg/dose group (both sexes) and in the 2 mg/dose female monkeys. After reaching Cmax at 1−4 h postdose, APi2568 plasma concentrations generally decreased steadily through the last measurable time point (approximately 48 h after dosing) in both sexes at all APi2568 dose levels. The extent (Cmax) and duration (AUC(0-t)) of exposure to APi2568 on day 43 increased as the APi2568 dose level increased from 0.5 to 5 mg/dose in male monkeys and generally in female monkeys, except that a single female monkey at the 2 mg/dose level had significantly lower exposure than the other 2 female monkeys at this dose level, resulting in a lower mean AUC(0-t). The increase in APi2568 exposure (based on mean AUC(0-t)/D values) was greater than dose-proportional from 0.5 to 5 mg/dose in male monkeys and could not be determined in female monkeys due to the inconsistent APi2568 plasma concentrations in the 0.5 and 2 mg/dose groups. APi2568 T1/2 values were calculable only on day 43 for the 2 and 5 mg/dose male monkeys and a single 5 mg/dose female monkey and had a mean value of approximately 13 h. The accumulation of APi2568 after the repeat-dose administration of PD1-Vaxx was apparent since more plasma samples on day 43 had measurable and higher APi2568 concentrations compared to those in plasma samples on Day 1 at the same collection time. The accumulation ratios (RA) for the single male and female monkey at the 5 mg/dose with TK profiles on both days 1 and 43 were 16.3 and 121, respectively. These TK results (Table 3) for APi2568 indicated that male and female monkeys were exposed to APi2568 on Day 1 (5 mg/dose only) and on Day 43 (all dose levels) with male monkeys having somewhat greater exposure compared to that in female monkeys and that some APi2568 accumulation was present after the repeat-dose IM administration of PD1-Vaxx.



3.4 Toxicology

Repeat-dose toxicology and immunogenicity evaluations on APi2568 (IMU-201-administered IM as PD1-Vaxx) have been conducted, and the results from a pharmacology immunogenicity study conducted in beagle dogs and from 2 GLP-compliant toxicology studies conducted in male and female cynomolgus monkeys are summarized below.


3.4.1 Beagle Dog Study

	a) Beagle dogs were immunized with MVF-PD-1 (92-110) (3 dogs with 1 dog each at the doses of 1, 1.5, and 3 mg/dose).

	b) All dogs administered with MVF-PD-1 (92-110) had high polyclonal anti-MVF-PD-1 (92-110) antibody titers. Two out of three dogs administered with MVF-PD-1 (92-110) had an adverse local reaction (i.e., lesions at or near the IM injection site) to the vaccine; after the dosing ceased, these lesions resolved within a few weeks. These injection site lesions were mostly attributed to the high volume of Montanide ISA 720 VG used in this study.





3.4.2 First Set of Monkey Study

	a) The findings of adverse swelling, ulceration, and/or abscess formation at or near the IM site of dose administration were observed for monkeys in the 0.5, 2, and 5 mg/dose groups. These observations were first noted beginning after the second or third dose and were more frequent in female monkeys compared to male monkeys.

	b) After the recovery period, all APi2568-related clinical observations had either recovered or were in the process of recovering, with the exception of swollen hind limbs. APi2568-related changes in hematology, coagulation, and serum chemistry parameters were noted at ≥0.5 mg/dose and occasionally correlated with the microscopic finding of inflammation at the IM injection sites.

	c) With a few exceptions, all clinical pathology parameter changes recovered. The APi2568-related macroscopic and microscopic findings involving the IM injections sites were noted at each APi2568 dose level evaluated. After the 14-day recovery period, a complete recovery of the microscopic findings was noted in the epidermis, a partial recovery of some inflammatory findings, and no recovery of the cavity and hemorrhage findings.

	d) Clinical observations and histopathological findings involving the IM injection sites were noted in the vehicle control group monkeys at a lower frequency and reduced severity relative to that in the APi2568-treated groups, suggesting a contribution of the vehicle to the observations and findings with an exacerbation by APi2568.

	e) Based on these results, and primarily considering the adverse clinical findings observed at the IM sites at 0.5, 2, and 5 mg/dose APi2568 dose levels evaluated, a no-observed-adverse-effect level (NOAEL) for APi2568 administered IM as PD1-Vaxx to male and female cynomolgus monkeys could not be determined for this study.





3.4.3 Second Set of Monkey Study

	a) The IM injection of PD1-Vaxx to male and female cynomolgus monkeys at APi2568 dose levels of 25, 100, and 250 µg/dose administered on 4 separate occasions at 2-week intervals resulted in adverse necrosis (the loss of normal tissue and abundant cellular debris) in the biceps femoris IM injection site of a single 250 µg/dose group female monkey (Table 4).

	b) APi2568-related clinical, injection site, and gross necropsy findings consistent with swelling were also noted for this female monkey.

	c) Non-adverse APi2568-related neutrophilic inflammation was noted in some monkeys in both the treated and control groups, indicating at least a partial contribution of the adjuvant or dose administration procedure to the finding. However, this finding was observed at a greater severity in APi2568-treated male and female monkeys.

	d) Some non-adverse adjuvant-related microscopic findings were noted in some monkeys in all APi2568 treatment groups and the control group.

	e) Generally, anti-APi2568 antibody titers were comparable for male and female monkeys at the APi2568 dose levels of 25, 100, and 250 µg/dose. A slight increase in anti-APi2568 antibody titers was observed between day 29 and day 43, with no apparent reduction in titers by day 59.




Table 4 | Second-set monkey study (APi2568) IMU-201 administered IM as PD1-Vaxx.



Based on these results, the NOAEL was 100 µg/dose for this study on APi2568-administered IM as PD1-Vaxx to male and female cynomolgus monkeys.




3.5 No Autoimmune Symptoms Observed After the Immunization

The common autoimmune symptoms are identified as follows: skin rashes, low-grade fever, achy muscles, fatigue, hair loss, trouble concentrating, and so on. During our mice study, we did not notice any autoimmune symptoms, the mice showed no signs of scruffiness, lesions, or lethargy, and all of them were active during the study. For the dogs, the high volume of ISA 720 caused a lesion near the injection site that might result in mild swelling, but the symptoms were resolved weeks after. The immunized monkeys had some swelling at or near the site of IM injection, especially after the second or third dose and more frequent in females than males. In all the clinical observations, these animals either had recovered or were in the process of recovering. Despite these adverse clinical findings, all of them were active and in good condition throughout the project. Overall, there were no observable signs or uncontrolled autoimmune symptoms.




4 Discussion

We are developing APi2568 [clinical-grade MVF-PD-1(92-110)], the drug substance in the drug product IMU-201 administered IM as PD1-Vaxx, to treat cancers that overexpress programmed cell death ligand 1 (PD-L1), such as non-small cell lung cancer (NSCLC), melanoma, renal cancer, and colorectal cancer. IMU-201 is administered IM to cancer patients as an emulsion formulation, designated PD1-Vaxx, which is made by combining equal volumes of IMU-201 (an aqueous solution of APi2568) and a solution of Montanide ISA 720 VG followed by emulsification. The objective of immunization with PD1-Vaxx is to induce the production of anti-PD-1 antibodies in cancer patients using a peptide epitope designed to stimulate polyclonal antibodies against PD-1 (programmed cell death protein 1). This vaccination approach is based on the use of a chimeric conformational B-cell epitope peptide incorporating a “promiscuous” T-cell epitope that affords the possibility of generating an enduring immune response, eliciting protein-reactive, high-affinity anti-PD-1 antibodies that act as antagonists to receptor signaling that inhibits T-cell responses to tumors. As summarized in this manuscript, the effective induction of an antibody response to MVF-PD-1 (92-110) has been established in a variety of tumor models in mice and other animal species such as beagle dogs and cynomolgus monkeys. The induction of autoimmune responses has not been observed in any of these animal species. We have completed the nonclinical toxicology and immunogenicity evaluations of IMU-201 (administered IM as PD1-Vaxx) in male and female cynomolgus monkeys that have a high degree (>90%) of PD-1 sequence homology to humans, including 100% homology for the 19 PD-1 amino acids in MVF-PD-1 (92-110), prior to initiating clinical trials on IMU-201 in cancer patients.

The nonclinical pharmacology assessments on MVF-PD-1 (92-110) consisted of experiments to select the candidate B-cell epitopes expressed on the surface of PD-1 for development and then to evaluate that candidate (designated MVF-PD-1 (92-110) and later, the drug substance or APi2568) for pharmacology activity. MVF-PD-1 (92-110), which is a chimeric construct with a promiscuous T-cell helper epitope derived from the MVF protein (amino acids 288-302), was shown to recognize and bind both rhPD-L1 and nivolumab. In vivo studies in Balb/c mice showed that MVF-PD-1 (92-110) was emulsified with nor-MDP and Montanide ISA 720 VG and injected 3 times once every 3 weeks to immunize the mice produced high titers of anti-MVF-PD-1 (92-110) antibodies and was able to reduce the tumor growth of CT26 tumor cells engrafted 10 days after the last MVF-PD-1 (92-110) dose. Other in vivo studies in mice showed that the nor-MDP excipient was not necessary and that Montanide ISA 720 VG produced a lower ratio of IgG1 antibodies (known to result in increased ADCC) compared to Montanide ISA 51 VG. In beagle dogs immunized with an emulsion formulation of MVF-PD-1 (92-110), the majority isotype generated was IgG2 with a significantly lower generation of IgG1 and IgM and a little production of IgA. During this study, a number of dogs exhibited an adverse reaction with lesions forming in the area of the injection site. Based on these results in mice and dogs, the emulsion formulation of the clinical grade of APi2568 considered optimal for further development consisted of a 1:1 mixture of an aqueous solution of APi2568 (drug product, IMU-201) and Montanide ISA 720 VG, which was designated as PD1-Vaxx.

The completed pharmacology effectiveness studies on APi2568 indicate that APi2568 administered alone can reduce the growth of the CT26 tumor cells implanted into mice after immunization. APi2568 has been shown to produce relatively high anti-APi2568 antibody titers in mice, dogs, and monkeys. In monkeys, the antibody titers were relatively uniform across the APi2568 dose levels evaluated, were generally higher in female monkeys compared to those in male monkeys, and were not substantially reduced 2 weeks after the final dose of APi2568 was administered. After 4 doses of APi2568 at 25 µg/dose, the monkey anti-APi2568 antibody titers were similar to those produced by the 100 µg/dose and 250 µg/dose, suggesting that APi2568 is highly immunogenic in this species and will most likely be immunogenic in humans since the 19 PD-1 amino acids in API2568 have 100% homology between humans and monkeys (see Table 2). In a separate experiment, some of the anti-APi2568 antibodies present in the monkey serum were captured by rhPD-1, suggesting that the anti-APi2568 antibodies formed in humans after the administration of IMU-201 as PD1-Vaxx should act as anti-PD1 antibodies to block PD-1 on immune cells.

The systemic circulation exposure profile of APi2568 has been determined in male and female monkeys. After the first IM dose of APi2568, plasma concentrations were insufficient to evaluate the extent and duration of exposure except in 1 monkey/sex in the high-dose group (5 mg/dose). After 4 doses of APi2568, most monkeys at each APi2568 dose level had some plasma samples with quantifiable APi2568 and selected pharmacokinetic parameters could be determined for many monkeys in the 2 mg/dose and 5 mg/dose groups. These assessments indicated that female monkeys were generally exposed to less APi2568 than male monkeys, that APi2568 was cleared from systemic circulation by 48 h after dosing, and that some accumulation of APi2568 was possible after repeated IM dose administration.

Toxicology findings on APi2568 (administered IM as PD1-Vaxx) in male and female monkeys suggest that APi2568 doses >0.5 mg/dose can cause significant and adverse local tolerance effects at or near the IM injection site. These adverse effects included swelling, ulceration, and/or abscess formation with very slight-to-slight edema and erythema; were first noted after the second or third PD1-Vaxx dose; were generally more frequent and more severe in female monkeys compared to male monkeys; and had clinical pathology and histopathological correlates. Vehicle control monkeys had similar findings but at a lower frequency and reduced severity, suggesting a possible contribution of the vehicle (containing Montanide ISA 720 VG) with an exacerbation by APi2568. When the dose of IM-administered APi2568 was reduced, these adverse local tolerance effects were not observed at APi2568 doses of <100 µg/dose, and only a single female monkey in the 250 µg/dose group had an adverse local tolerance finding of an APi2568-related mass present at the IM injection site on the right hindlimb 7 days following the third dose. These findings indicated that APi2568 at 100 µg/dose has an acceptable toxicology or safety profile in male and female monkeys.



5 Conclusion

The anti-PD1 B-cell epitope vaccine eliciting a polyclonal antibody response has several advantages over mAb treatments. The advantages include the induction of memory B- and T-cell responses without causing potentially serious hypersensitivity reactions, infusion reactions, and immune complex-mediated diseases that inflict substantial mental, biological, and financial burdens upon the cancer patients. Additional benefits of the peptide vaccine approach include the ease and rapid synthesis, safety, lack of toxicity, and cost-effectiveness (24). Based on the findings of the completed pharmacology, immunogenicity, pharmacokinetic, and toxicology studies, active immunization with MVF-PD-1(92-110) peptide vaccine (Table 1) 1) is effective in lowering the tumor burden in murine models of cancer; 2) is highly immunogenic in mice, dogs, and monkeys with relatively high anti-PD-1 antibody titers present in monkeys at MVF-PD-1(92-110) doses as low as 25 µg/dose; 3) has an acceptable systemic exposure profile with some possible accumulation after repeated IM administration; 4) has an acceptable toxicology and safety profile after repeat-dose IM administration at MVF-PD-1(92-110) doses of less than 100 µg/dose; and 5) exhibited the conservation of dose across animal species despite differences in body surface area (BSA), indicating that translation to the human effective dose (HED) would not require a BSA-based conversion factor typically required for monoclonal antibodies and small molecules (25). These observations suggest that clinical trials on peptide-based vaccine MVF-PD-1(92-110) using an active immunization approach consisting of a 2-week priming dose regimen with a maximum recommended starting dose (MRSD) of 10 µg/dose increasing in ½ log increments to a high dose of 100 µg/dose should not produce significant adverse effects or toxicity, including IM injection site intolerability.
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Gene_ID

CD79A
FGFR2
IGHG1
IGHG3
IGHG4
IGHV1-2
GHV3-11
IGHV3-21
IGHV4-59
IGHV6-1
IGKV2-28
IGKV2D-28
IGKV2D-30
IGKV3-20
IGKV3D-7
IGKV6-21
GKV6D-21
IGLV1-50
IL17A
TNFRSF11B
ZC3HAVIL

Univariate
HR (95%Cl)

1.016 (1.004-1.027)
1.086 (1.036-1.139)
1.000 (1.000-1.001)
1.001 (1.000-1.001)
1.001 (1.000-1.001)
1.003 (1.002-1.004)
1.004 (1.002-1.006)
1.005 (1.003-1.007)
1.003 (1.001-1.004)
1.027 (1.011-1.044)
1.028 (1.009-1.048)
1.078 (1.080-1.128)
1.163 (1.096-1.233)
1.001 (1.000-1.001)
1.266 (1.067-1.503)
1.018 (1.007-1.030)
1.043 (1.019-1.068)
1.066 (1.017-1.117)
1.453 (1.102-1.915)
1.010 (1.003-1.017)
1.065 (1.020-1.112)

P

0.007
0.001
0.000
0.001
0.002
0.000
0.000
0.000
0.000
0.000
0.004
0.001
0.000
0.002
0.007
0.002
0.000
0.008
0.008
0.007
0.004

Multivariate
HR (95%Cl)

0.974 (0.953-0.995)
1.073 (1.020-1.130)

1.004 (1.001-1.007)
1.008 (1.000-1.007)

1.099 (1.019-1.186)

1.035 (1.005-1.065)

1.008 (1.000-1.016)
1.085 (1.087-1.134)

P

0.017
0.007

0.012
0.041

0.015

0.022

0.038
0.000
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Characteristic

Age, ()
Female/Male, (%)
Size, (cm)

Location, (%)
Right-side colon
Transverse colon
Left-side colon
Rectum

pTNM stage, (%)
|
I
n

T stage, (%)
™
T2
T3
T4

N stage, (%)

NO
N+

Total_LNs

Positive_LNs

Histological features, (%)
Well differentiated
Moderately differentiated

Poorly differentiated

LVI(/0), (%)

WBC, (10"9)

NLR, (ratio)

dNLR, (ratio)

PLR, (ratio)

LMR, (ratio)

SlI, (ratio)

CEA, (ng/mL)

Pneumonia, (+)/(-), (%)

Strong-group (n = 62)

60.98 + 14.75
24 (38.70)/38 (61.30)
6.12+2.38

3(4.80)
15 (24.20)
44 (71.00)

18 (29.00)
44 (71.00)
22,60 + 10.84
2.98 + 3.66

1(1.60)
47 (75.80)
14 (22.60)

20 (32.30)/42 (67.70)
8.14 + 3.46
6.21+5.87
1.65 + 0.38

249.95 + 157.07
303270
1,687.88 + 1,834.95
11.52 +21.25
19 (22.10)/45 (77.90)

Weak-group (n = 24)

63.83 + 14.02
10 (41.70)/14 (58.30)
5.83 +1.83

1 (4.20)
12 (50.00)
1 (45.80)

0(0.00)
1 (4.20)
17 (70.80)
6 (25.00)

13 (54.20)
11 (45.80)
18.29 + 6.50
1.21 £1.92

1 (4.20)
17 (70.80)
6 (25.00)

1 (4.20)/23 (95.80)
9.19 + 6.09
5.8 + 4.20
1.66 + 0.37

220.35 + 84.99
238+ 1.16
1,701.05 + 2,108.69
16.71 + 32.41
2 (8.30)/22 (91.70)

P value

0.418
0.801
0.596
0.031

0.067

0.650

0.029

0.028
0.004
0.308

0.007
0.431
0.804
0.858
0.267
0.254
0.977
0.393
0.056

Continued from the above Table 1. dNLR, Derived Neutrophil-to-Lymphocyte Ratio; PLR, Platelet-to-Lymphocyte Ratio; S, Systemic Immune Inflammation Index; LMR, Lymphocyte-to-

Monocyte Ratio; LVI, LymphoVascular Invasion. All P-values < 0.05 were considered statistically significant.

All the significantly different variables were presented with bold font.
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Year

Immunotherapy

Vaccine Therapies

2011

2013

2013

2014

2016

2017
2019

2019

2020

Rindopepimut EGFRvIIl Peptide Vaccine with GM-CSF

Heat shock protein peptide complex 96 (HSPPC-96)
autologous vaccine

ERC1671 (gliovac) autologous/allogeniec vaccine with GM-CSF

SL-701 multivalent synthetic TAA vaccine (interleukin-13
receptor apha-2, ephrinA2, survivin)

Synthetic TAA vaccine (EGFRvIl, iL13Ralpha, ephA2, her2/neu,
'YKL-40), with poly-ICLC (Tol-like Receptor Agonist) and
montanide ISA-51 VG (secondary adjuvant)

DSP-7888 dosing emuision (WT1 pepides)

Autologous DCs puised with genetically mociiied tumor cells or
TAA

(EO2401) trivalent synthetic TAA vaccine with and without
Nivolumab (anti-PD-1)
Autologous DCs pulsed with TAA

Checkpoint Inhibitors

2012
2015

2015

2018

2018

2018

2019

Camrelizumab (anti-PD-1)
Pembrolizumab (anti-PD-1)

Durvalumab (anti-PD-L1)

Pembrolizumab (anti-PD-1)
Nivolumab (anti-PD-1)
Reifanimab (anti-PD-1) with and without epacadostat

(indoleamine 2,3-dioxygenase inhibitor)
Nivolumab (anti-PD-1)

Antiangiogenic Phase  Status

Therapy

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab
Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Bevacizumab

Completed

Active, not
recniting

Active, not
recriting

Completed

Withdrawn

Recruiting
Enroling
by
invitation
Recruiting

Recruiting

Recruiting
Completed

Completed

Active, not
recruiting
Active, not
recruiting
Recruiting

Recruiting

Results

Primary Endpoint: Objective but nonsignificant increase in six-month
progression-free survival in experimental group (28%) compared to control
group (16%).

Statistically significant increase in overall survival (HR 0.53%; Gl 0.32-0.88,
p=0.001)

Discontinuation of steroids after six months was 33% in experimental group
and 0% in control group.

Primary Endpoint: Statistically significant worse median overall survival in
experimental group (7.5 months) compared to control group (10.7 months). HR
2.06%; CI 1.18-3.60; p=0.03

This study was terminated after above interim resuts. Final publication of data
is pending.

Primary endpoint: 12-month overall survival. Interim results demonstrate
increased median overall survival of 12 months in experimental group
compared to 7.5 months in control group.

Primary endpoints: objective response rate and 12-month overall survival.

Ful results not published.

na

Ongoing
Ongoing

Ongoing
Ongoing

Ongoing
Primary endpoint: No significant differences in six-month progression-free
sunvival or median overal survival in experimental group vs control group.

In experimental group, worse overall sunvival correlated with baseline
dexamethasone use and increased posttherapy plasma VEGF.

Primary endpoint: 12-month overall survival. Prefiminary analysis demonstrated
60% 12-month sunvival in MGMT-unmethytated GBM compared to 50% in an
historical benchmark. Full results are pending.

Ongoing

Ongoing
Ongoing

Ongoing

ClinicalTrials.gov
identifier

NCT01498328 (145)

NCT01814813 (146)

NCTO1903330 (147)

NCT02078648 (40)

NCT02754362

NCT03149003

NCT03914768

NCT04116658

NCT04277221

NCT04952571
NCT02337491 (148)

NCT02336165 (43)

NCT03661723
NCT03452579
NCT03632295

NCT03890952
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Year

2008

2008

2008

2011

2011
2015

2018

2019

Targeted Therapy

Tandutinib (ems-like tyrosine kinase 3
antagonist)

Everolimus (mTOR inhibitor)
Temsirolimus (MTOR inhibitor)

Buparisib (selective PI3K inhibitor)

Plerixafor (CXCR4 inhibitor)
Ofranergene obadenovec (adenovirus delivering
chimeric death receptor

ABI009 - nanoparticie albumin-bound rapamycin
(MTOR inhibitor)
Abemaciclib (CDK 4/6 inhibitors)

Antiangiogenic Phase

Therapy
Bevacizumab
Bevacizumab
Bevacizumab
Bevacizumab
Bevacizumab
Ofranergene

obadenovec/
Bevacizumab

Bevacizumab

Bevacizumab

Status

Completed

Completed

Completed

Completed

Terminated
Completed

Active, not
recruiting
Recruiting

Results

Primary endpoint: six-month progression-free survival was 23%.

Tandutinib with bevacizumab was equaly eflective but more toxic than bevacizumab
monotherapy.

Primary endpoint: median progression free survival was 11.3 months.

Primary endpoint: median progression free survival of eight weeks. Trial terminated early
because of poor outcomes.

Primary endpoint: median progression free survival was 5.3 months.

Full results not published.

n/a

Primary endpoint: median overall survival was 6.8 months in combination arm versus 7.9
months in control arm.

Change of treatment regimen, with the lack of VB-111 monotherapy priming, may explain
the differences from the favorable phase Il results.

Ongoing

Ongoing

ClinicalTrials.gov
identifier

NCT00667394 (152)
NCT00805961 (153)
NCT00800917 (153)
NCT01349660 (41)

NCT01339039
NCT02611405 (135)

NCT03463265

NCT04074785
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Gene

CDC16
ZSWIM1
ITPK1

NPRL3
GOLGA7
ST6GALNAC4
PCSK4
CORO1B

HR (95% CI)

0.93 (0.88, 0.99)
1.10 (1.01, 1.21)
0.96 (0.92, 1.00)
1.10 (1.02, 1.19)
1.0 (1.00, 1.06)
1.02 (1.00, 1.05)
0.81(0.66, 1.02)
0.97 (0.95, 1.00)

p value

0.01
0.08
0.02
0.01
0.10
0.07
0.07
0.03
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Overview Characteristics Computational tools and experimental  Ref.

methods
Extract TCR reads from (+) Additional library preparation is not required and existing scRNAseq data TraCeR (17)
scRNAseq data can be used. VDJPuzzle (18)
Selective amplification of scTCR (+) High TCR detection rate (up to 80-90%) can be achieved with a relatively 5’ RNA amplification (10X OhromiumA) (55)
library small read count Self-hybridization (BD Rhapsody”) (56)

ASingle cell analysis platforms in which the indicated experimental method can be used.
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Authors Ref. Year Tumor® Treat Organ® Findings

Inamorietal.  (39) 2021 CRC () dLN MMRd CRC showed a higher extent of dLN-tumor overlap.

Wang et al. (40) 2016 Breast ) dLN Freq. of dLN-tumor overlapping clones was higher in tumor.

Matsuda (41) 2019 CRC ) dLN Metastasis-positive dLNs have a greater extent of dLN-tumor overlap.

etal.

Aoki et al. (42) 2019 B16 aCbh4 dLN dLN-tumor overlapping repertoire was increased by anti-CD4.

(mouse)

Chow et al. (43) 2020 RCC SBRT Blood  Tumor-enriched clones expanded in blood within 2 weeks post-treatment.

Aoki et al. (44) 2021 Gl aPD1 Blood Tumor-overlapping clones in blood were higher in responders at pre-treatment and
increased post- treatment.

Kato et al. (32) 2021 RCC aPD1 Blood  Responders showed a greater number of blood-tumor overlapping clones at post-treatment.

Snyderetal.  (45) 2017 Urothelial aPD-L1 Blood  Tumor-overlapping clones expanded more in blood in responders at 3 weeks post-
treatment.

Casarrubios (28) 2021 NSCLC Neoadjuvant aPD1 Blood  Responders showed expansion of pre-treatment tumor top 1% clones in blood.

etal. +chemo

Aoki et al. (46) 2021 Gl aCh4 Blood  Tumor-overlapping CD8" clones in blood were increased in responders, accompanied by
clonal replacement.

Zhang et al. (27) 2019 NSCLC  Neoadjuvant aPD1 Blood  Tumor T-cell repertoire of responders contained a higher proportion of clones expanded in

blood during treatment.

ACRC, Colorectal cancer; Gl, Gastrointestinal cancer; RCC, Renal cell carcinoma; NSCLC, Non-small cell lung cancer.
BOrgans analyzed other than tumor.
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Authors Ref.  Year Tumor® Treat Organ Repertoire indices associated with better responses
Tumeh et al. (23) 2014 Melanoma aPD1 Tumor Higher clonality at pre-treatment

More clones with increased frequency during treatment.
Roh et al. (24) 2017 Melanoma aPD1 aCTLA4 Tumor Higher clonality at pre- and post-treatment (aPD1).
Yusko et al. (25) 2019 Melanoma aPD1 aCTLA4 Tumor Higher clonality at pre-treatment (aPD1).
Valpione et al. (26) 2021 Melanoma aPD1 Tumor Higher clonality at pre-treatment.
Zhang et al. 27) 2019 NSCLC Neoadjuvant aPD1 Tumor Higher clonality at post-treatment.
Casarrubios et al. (28) 2021 NSCLC Neoadjuvant aPD1+chemo Tumor Higher total frequency of top 1% clones at pre-treatment.
Riaz et al. (29) 2017 Melanoma aPD1 aCTLA4 Tumor Increase in clonality during treatment (aPD1).
Chaet al. (30) 2014 Prostate Melanoma aCTLA4 Blood Less clones with decreased frequency during treatment.
Fiarfax et al. 31) 2020 Melanoma aPD1 aCTLA4 Blood More large clones at post-treatment.
Kato et al. 32) 2021 RCC aPD1 Blood Decreased diversity at post-treatment.
Dong et al. (33) 2021 NSCLC aPD1 Chemo Blood Increased diversity during treatment.
Naidus et al. (34) 2020 NSCLC aPDL1 Blood Decreased clonality during treatment.

ANSCLC, Non-small cell lung cancer: RCC, Renal cell carcinoma.
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Tools

IgBLAST

IMGT/HighV-
QUEST

MIXCR
RTCR
TraCeR

VDJPuzzle

Ref. Citations®

13
(14)

(15)
(16)
(17)

(18)

722
360

815
39
328

57

Usage

Bulk TCRseq
Bulk TCRseq

Bulk TCRseq
Bulk TCRseq

TCR reconstruction from
scRNAseq

TCR reconstruction from
scRNAseq

Link for documentation web page
https://ncbi.github.io/igblast/
http://www.imgt.org/HighV-QUEST/doc.action;jsessionid=4F133D1C9F164A0E88DSFI9FE16D118A

https://mixcr.readthedocs.io/en/master/
https:/github.com/uubram/RTCR
https:/github.com/Teichlab/tracer

https://github.com/simone-rizzetto/VDJPuzzle

ACitation statistics were obtained from Google Scholar before December 21, 2021 (https.//scholar.google.com/).
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Starting materials

Amplification of TCR sequences

Advantage, disadvantage Ref.
gDNA-based Multiplex PCR (+) Accurate quantification of clonal composition (11)
(-) Lower detection sensitivity due to small number of templates per cell
mRNA-based Multiplex PCR (+) higher detection sensitivity (12)
(+) No need for appending adapter sequences for amplification
mRNA-based 5’ RACE (+) Not affected by ampilification bias between V regions (12)
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Interventions. Trial number Conditions Major microbiota and immune related outcomes Phases

FMT

FMT via colonoscopy NCT04264975 Solid carcinoma Response to immunotherapy plus FMT Not appiicable

FMT via colonoscopy NCT04056026 Mesothelioma Response to Keytruda plus FMT Early Phase 1

FMT via colonoscopy NCT03772899 Melanoma Response to immunotherapy plus FMT Phase 1

FMT via endoscopy NCTO04116775 Metastatic castration-resistant prostate cancer Response to pembrolzumab plus FMT Phase 2

FMT via oral capsule NCT04130763 Gastrointestinal system cancer Response to anti-PD-1 plus FMT Phase 1

FMT via oral capsule NCT04521075  Metastatic melanoma or NSCLG Response to nivolumab plus FMT Phase 1/Phase 2

FMT via colonoscopy and ~ NCT08353402  Melanoma Stage IV and unresectable Stage Response to immunotherapy plus FMT Phase 1

oral capsuie

FMT NCT04577729 Melanoma Stage lll and IV Response to checkpoint inhibitor plus FMT Not applicable

FMT via colonoscopy NCT03341143 PD-1 resistant/refractory melanoma Response to checkpoint inhibitor plus FMT Phase 2

Diet

Fasting mimicking et NCT03454282 Breast cancer or melanoma Tumor-infitrating lymphocytes, gut microbiota compositon Nt applicable

Dietary supplement: NCT04009122 Non-small cel lung cancer metastatic Quality of e, changes in the microbiota, interleukin levels, Not appiicable

IGEN0206 cytokines levels

Probiotics

Oral Primal Defense Uttra NCT03358511 Breast cancer Mean number of cytotoxic T cell Not appiicable:

Probiotic Formula

Oral MRx0518 NCT04193904 Pancreatic cancer Tumor infitrating lymphocytes Phase 1

5 NCT03817125 Metastatic melanoma Response to checkpoint inhibitor Phase 1

Oral MET-4 NCT03838601 Head and neck squamous cel carcinoma Bacterial composition and diversity, blood immune cell not applicable
profiing

Oral BB536, LA NCT00936572 Colorectal cancer Immune and inflammatory response, bacterial translocation  Phase 2

IV JNJ-64041809 NCT02625857 Metastatic castration-resistant prostate cancer Immune responses Phase 1

Oral MRx0518 NCT03637803 Solid tumors Clinical benefit of MRx0518 in combination with Phase 1/Phase 2
pembrolizumab

Oral RBX7455 NCT04139998  Breast cancer Intratumoral immunomodulatory Early Phase 1

Oral GEN-001 NCT04601402 Solid tumors Response to avelumab Phase 1

Oral EDP1503 NCT03595683 Melanoma Response to pembroizumab Phase 2

Oral MET-4 NCT03686202 Solid tumors Relative abundance of immunotherapy-responsiveness Early Phase 1
associated species of MET-4

Oral VES0O NCT04208958 Selected types of advanced or metastatic cancer Safety and efficacy of VEB0O in combination with nivolumab  Phase 1/Phase 2

Oral MRx0518 NCT03934827 Solid tumors Safety, tolerabilty, and immune system modulation of Phase 1
MRx0518

Oral EDP1503 NCT03775850 Colorectal cancer, breast cancer, and checkpoint inhibitor relapsed tumors Safety, tolerabilty, and efficacy of EDP1503 alone and in Phase 1/Phase 2
combination with pembrolizumab

Antibiotic

Oral vancomycin NCT03785210 Refractory primary hepatocelular carcinoma or iver-dominant metastatic cancer  Response to nivolumab Phase 2

from colorectal or pancreatic cancers

FMT, fecal microbiota transplant: NSCLC, non-small cell lung carcinoma.
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Cancer type

Metastatic melanoma

Metastatic melanoma
Metastatic melanoma

Metastatic melanoma

Metastatic melanoma

Metastatic melanoma
NSCLC

NSCLC

NSCLC

NSCLC

NSCLC and gastric
cancer

NSCLC and RCC

RCC
Solid tumors

Thoracic neoplasms

Gastric cancer
Gastrointestinal cancer
Hepatocellular
carcinoma

Therapy

Anti-CTLA-4

Anti-CTLA-4
ICI

Anti-PD1

Anti-PD1 or anti-
CTLA4

ICI

Anti-PD1
Anti-PD1/PD-L1
ICI

Anti-PD1
Anti-PD1

Anti-PD1

Anti-PD1
Chemotherapy/
immunotherapy
Anti-PD1

Anti-PD1
Anti-PD1/PD-L1
Anti-PD1

Sample
size

26
38
39
43
42
25
25
17
63
38

100
22
26
42

501

Alpha diversity

Not mentioned

Not mentioned
No significant difference

Higher in responders

Not mentioned

No significant difference
Higher in responders
Higher in responders
No significant difference
No significant difference
Higher in responders

Not mentioned

No significant difference
Higher in responders
No significant difference
Higher in responders

No significant difference
Higher in responders

Bacteria related to response

Faecalibacterium prausnitzii, Gemmiger formicilis, butyrate-producing
bacteria SS2-1, Ruminococcus, Lachnospiraceae, Clostridium XIVa,
Blautia

Faecalibacterium, Gemminger

F. prausnitzii, Bacteroides thetaiotaomicron, Holdemania filiformis,
Bacteroides caccae

F. prausnitzii, Ruminococcus bromii, Porphyromonas pasteri, Clostridium
hungati, Phascolarctobacterium faecium

Enterococcus faecium, Collinsella aerofaciens, Bifidobacterium
adolescentis, Klebsiella pneumoniae, Veillonella parvula, Parabacteroides
merdae, Lactobacillus sp., Bifidobacterium longum

Streptococcus parasanguinis, Bacteroides massiliensis

Alistipes putredinis, B. longum, Prevotella copri

Clostridiales, Ruminococcaceae UCG 13

Lactobacillus, Clostridium, Syntrophococcus

Parabacteroides, Methanobrevibacter

Ruminococcaceae

Akkermansia muciniphila, Lachnospiraceae, Erysipelotrichaceae bacterium,
E. faecium, Alistjpes indistinctus, B. caccae, Bacteroides xylanisolvens,
Bacteroides nordii

Akkermansia

B. xylanisolvens, Bacteroides ovatus, P. copri, Alistipes spp.

Akkermansiaceae, Enterococcaceae, Enterobacteriaceae,
Carnobacteriaceae, Clostridiales Family X!

Odoribacter, Veillonella

Prevotella, Ruminococcaceae, Lachnospiraceae

A. muciniphila, Ruminococcaceae spp., Bifidobacterium dentium,
Lactobacillus

NSCLC, non-small cell lung carcinoma; ICI, immune checkpoint inhibitor; RCC, renal cell carcinoma.

Ref.

(71)

(63)
(72)
(73)

(74)





OPS/images/fonc.2021.721249/table2.jpg
Tumor model
B16 melanoma
B16 SIY melanoma
RET melanoma
MC38 colon

MC38 colon

MC38 colon
MC38 colon

MC38 colon

MCA205 sarcoma
MCA205 sarcoma

RENCA RCC

LLC lung carcinoma

Therapy
Anti-PD-L1
Anti-PD-L1
Anti-PD-1

Anti-CD47

Anti-IL-10 + CpG
Anti-CTLA4

Anti-PD-1 or Anti-CTLA4

Anti-PD-1

Anti-CTLA4
Anti-PD-1

Anti-PD-1 + anti-CTLA4

Anti-PD-1

Beneficial bacteria species

Bifidobacterium
Responder patient FMT
Akkermansia muciniphila, Alistipes, Enterococcus hirae

Bifidobacterium

Alistipes shahii, Ruminococcus

Bifidobacterium pseudolongum, Lactobacillus johnsonii, Olsenella species
Ruthenibacterium lactatiformans, Eubacterium limosum, Fusobacterium
ulcerans, Phascolarctobacterium succinatutens, Bacteroides uniformis,
Bacteroides dorei, Paraprevotella xylaniphila, Parabacteroides distasonis,
Parabacteroides johnsonii, Parabacteroides gordonii, and Alistjpes
senegalensis

Bacteroides fragilis, a non-enterotoxigenic species, Erysipelatoclostridium
ramosum, and Alistipes onderdonkii

B. fragilis, Bacteroides thetaiotaomicron, Burkholderia

Responder patient FMT, A. muciniphila, E. hirae, Alistipes

Responder patient FMT

A. muciniphila, Alistipes, E. hirae

Specific mechanisms

DC, IFNy*CD8" T cells
CD8" T cells
CCR9"CXCR3*CD4" T cells
via IL.-12

DC via STING

TNF* myeloid cell

Th1 cell, IFNY"'CD8* T cells
CD103* DC, IFNy*'CD8* T
cell

CD103*CD11b™ DC

Memory T cell
CCR9*CXCR3*CD4" T cells
via IL-12
CCR9'CXCR3*CD4" T cells
via IL-12
CCR9*CXCR3*CD4" T cells
via IL-12

RCC, renal cell carcinoma; DC, dendritic cell: FMT, fecal microbiota transplant; STING, stimulator of interferon genes; LLC, Lewis lung carcinoma.

(90)

(51)
®1)

1)

1)





OPS/images/fonc.2022.826566/fonc-12-826566-g004.jpg
st e money sy o 0213515
751t o o uman it
B o oy o S — - H-
ot oois oo omes omss T e o sosimonion sovsnmises
ar q 2 i o o
5 wedum 3 somamonaon s
e s

Antibody titers






OPS/images/fonc.2022.826566/fonc-12-826566-g003.jpg
Do D | concentration | Peptide dose

ey o
- i
oor i s
P— e

L
[
i
it
Antibody tters

}
i
H

RHHTHEHHTTT -

percentage of antibody sotypes.
o
s %168

OoqrLFOUSE on  CepR IO Med.  Dogr PO

g 1A g g2





OPS/images/fonc.2022.826566/fonc-12-826566-g002.jpg





OPS/images/fonc.2022.826566/fonc-12-826566-g001.jpg
Antibodytiters

Percentage of antibody isotypes






OPS/images/fonc.2022.826566/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.804983/table1.jpg
Study Cancer type
Frankel et al. Metastatic melanoma
(138)

Chaput et al.

(139)

Salgia et al. (140)
Non-small-cell lung cancer
(NSCLC)

Matson et al.

(141)

GM status
Presence of Bacteroides caccae
Enriched with Faecalibacterium and other Fimicutes

Enhanced with Ruminococcus obeum and Roseburia intestinalis
Presence of Lactobacilli and Clostridia

Enriched with Alistipes putredinis, Bifidobacterium Longum and Prevotella
copri
Enriched with Ruminococcus species

Response to CPIs

Increased response
Increased OS and PFS

Poor response

Increase in the time to
treatment failure

Response to PD-1 blockade

Attenuated response





OPS/xhtml/Nav.xhtml




Contents





		Cover



		NEW HORIZONS IN TUMOR MICROENVIRONMENT BIOLOGY AND THERAPY: IMPLICATIONS FOR NEW THERAPIES VOL. II



		TPL Inhibits the Invasion and Migration of Drug-Resistant Ovarian Cancer by Targeting the PI3K/AKT/NF-κB-Signaling Pathway to Inhibit the Polarization of M2 TAMs



		Introduction



		Materials and Methods



		Cell Lines and Culture



		Morphological Observations



		CCK8 Cytotoxicity Assay









		In Vitro TAM Model



		Enzyme-Linked Immunosorbent Assay (ELISA)



		Cell Proliferation Assay









		Transwell Migration and Invasion Assay



		Extracellular Matrix-Adhesion Assay









		In Vivo Experiment



		Establishment of the Xenograft Tumor Model



		Tumor Growth in Nude Mice



		Immunohistochemistry



		Western Blotting



		High-Throughput 16S rDNA Gene-Amplicon Analysis



		Statistical Analysis



		Ethics Statement















		Results



		TPL Inhibits the Survival, Migration, and Invasion of A2780/DDP Cells



		Establishment of the TAM Model In Vitro



		TAM Cell Supernatant Slightly Improves the Proliferative, Migratory, and Invasive Potentials of A2780/DDP Cells, Which Can be Reversed by TPL



		TPL May Inhibit the Polarization of M2-Type TAMs Through the Inhibition of the PI3K/AKT/NF-κB Signaling Pathway



		Effects of DDP and TPL on the Intestinal Microbiota









		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		References









		Mining the Gut Microbiota for Microbial-Based Therapeutic Strategies in Cancer Immunotherapy



		1 Introduction



		1.1 Cancer Immunotherapy



		1.2 Gut Microbiota and Immunity



		1.3 The Mechanisms of Gut Microbiota Modulating Immunotherapy



		1.3.1 Microbe-Associated Molecular Patterns



		1.3.2 Molecular Mimicry of Microbial Antigens With Tumor Neoantigen



		1.3.3 Microbial Metabolites















		2 Gut Microbiota in Response and Toxicity to Immunotherapy



		2.1 Gut Microbiota and Immunotherapy



		2.1.1 Clinical Evidence Linking Gut Microbiota and Immunotherapy



		2.1.3 Mouse Models Showing the Effect of Gut Microbiota on Immunotherapy









		2.2 Gut Microbiota and Immune Response in Chemotherapy









		3 Strategies to Improve Gut Microbiota in Cancer Immunotherapy



		3.1 Fecal Microbiota Transplant



		3.2 Diet



		3.3 Probiotics



		3.4 Antibiotics









		4 Discussion



		Author Contributions



		Funding



		References









		Comprehensive Analysis of Pyroptosis-Related Genes and Tumor Microenvironment Infiltration Characterization in Breast Cancer



		Background



		Methods



		Results



		Conclusions



		Background



		Materials and Methods



		BRCA Data Source and Preprocessing



		Unsupervised Cluster Analysis



		Gene Set Variation Analysis



		Estimation of TME Cell Infiltration, ImmuneScore, StromalScore, and ESTIMATEScore



		Generation of PyroptosisScore



		Collection of Immunotherapy File



		Statistical Analysis









		Results



		Genetic Variation and Expression of Pyroptosis-Related Genes in BRCA



		Pyroptosis Patterns Mediated by 33 Pyroptosis-Related Genes in BRCA



		Generation of Pyroptosis-Related Genes Signatures



		Generation of PyroptosisScore



		Clinical, Tumor Somatic Mutation, and Tumor Microenvironment Characteristics of PyroptosisScore in TCGA–BRCA Cohort



		PyroptosisScore in Immunotherapy









		Discussion



		Conclusion



		Data Availability Statement



		Author Contributions



		Supplementary Material



		Abbreviations



		References









		Microbiome Crosstalk in Immunotherapy and Antiangiogenesis Therapy



		1 Introduction



		2 Current Classification and Mechanism Of Tumor Immunotherapy



		3 Potential of the Combination of Immunotherapy and Antiangiogenesis Therapy for Cancer



		4 Microbiome Influences Immunotherapy and Antiangiogenesis Therapy



		4.1 The Role of Microbiota in Carcinogenesis



		4.1.1 Mechanism of Promoting Tumorigenesis by the Microbiome



		4.1.2 Mechanism of Inhibiting Tumorigenesis by the Microbiome









		4.2 Microbiome Regulation as an Adjunct to Cancer Treatment



		4.3 Microbiome and Immunotherapy



		4.3.1 Effect of Gutmicrobiota Microbiota on Immune Checkpoint Blockade









		4.4 Microbiome and Antiangiogenesis Therapy



		4.4.1 Regulation of Tumor Angiogenesis by Microbial Metabolites



		4.4.2 Influence of Intestinal Microbiota Structure on Tumor Antiangiogenesis Therapy















		5 Discussion



		Author Contributions



		Funding



		References









		Corrigendum: Microbiome Crosstalk in Immunotherapy and Anti-Angiogenesis Therapy



		International Prognostic Index-Based Immune Prognostic Model for Diffuse Large B-Cell Lymphoma



		Background



		Methods



		Results



		Conclusion



		Introduction



		Results



		Identification of Immune-Related Genes Associated With IPI in DLBCL Patients



		Construction and Validation of an IPI-Based Immune Prognostic Risk Model









		Molecular Characteristics of IPI-IPM Subgroups



		Immune Landscape of IPI-IPM Subgroups



		Potential Therapeutic Value of IPI-IPM









		Discussion



		Materials and Methods



		Data Selection and Acquisition



		Identification of Differentially Expressed Genes



		Gene Functional Enrichment Analysis



		Weighted Gene Co-Expression Network Analysis



		Construction and Validation of IPI-Based Immune-Related Prognostic Model



		Comprehensive Analysis of Molecular and Immune Characteristics in Different IPI-IPM Subgroups



		Clustering Analysis of Expression Pattern of LME Signatures



		Data Analysis









		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		Pan-Cancer Analysis Reveals the Signature of TMC Family of Genes as a Promising Biomarker for Prognosis and Immunotherapeutic Response



		Introduction



		Results



		Basal Expression of TMC Family Genes in Human Cancer and Normal Tissues



		The TMC Family of Genes Were Deregulated and Were Affected by the Mutations, eQTM and eQTCN in Human Cancers



		The Prognostic Potential of TMC Family Genes



		Functions and Pathways of TMC Family Genes in Human Cancers



		The Role of TMC Genes in the Tumor Microenvironment and Immunotherapy Response of Human Cancers



		The Predictive Value of TMCs in Immunotherapeutic Clinical Benefits









		Discussion



		Conclusions



		Materials and Methods



		Cancer Multi-Omics Data



		Expression, Mutation, DNA Methylation, and Copy Number Alteration Analyses



		Functional and Pathway Analyses of TMC Family Genes in Human Cancers



		Immune Cell/Infiltrating Analysis and Clinical Enrichment Analysis of TMC Family Genes



		The Predictive Value of TMCs in Immunotherapy Response



		Cox Regression Analysis



		Immunohistochemistry Data of HPA









		Data Availability Statement



		Author Contributions



		Funding



		Supplementary Material



		References









		Identification and Validation of Immune-Related Gene for Predicting Prognosis and Therapeutic Response in Ovarian Cancer



		Introduction



		Materials and Methods



		OC Samples Data Collection and Processing



		Preliminary Screening of IRGs



		Establishment of Co-Expression Algorithm of IRGs



		Further Screening of IRGs and Construction of IRGPs



		Validation of the Predictive Model



		Immune Infiltration in the HRG and LRG



		Functional Enrichment Analysis



		Identification of Key Prognostic IRGs



		Validation of DEGs Using RT-qPCR



		A Sensitivity Analysis of Different Treatment Modalities









		Results



		Grouping of DEGs Based on Immune and Stromal Scores



		Screening of the Most Significant Modules and IRGs Using WGCNA



		Construction of the PRSM Using IRGPs



		Immune Infiltration Within Different Risk Groups



		Functional Analysis and Identification of Key IRGPs



		RT-qPCR Analysis of the Candidate Genes



		Sensitivity Analyses of Different Treatments









		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		Abbreviations



		References









		TNFRSF11B Suppresses Memory CD4+ T Cell Infiltration in the Colon Cancer Microenvironment: A Multiomics Integrative Analysis



		Background



		Methods



		Results



		Conclusion



		Introduction



		Methods



		Data Sources



		Differential Gene Analysis and Annotation



		RNA Sequencing and Gene Set Enrichment Analysis (GSEA)



		IHC Staining



		Isolation of Human Samples and Flow Cytometry



		Immune Cell Infiltration Analysis



		Statistics









		Results



		Immune-Related Gene Selection and Annotation



		Clinical Analysis of Survival-Related IRGs



		Validation of TNFRSF11B in Our Cohort Study



		TNFRSF11B Correlated With Colon Cancer Differentiation



		TNFRSF11B Correlated With Pathogenic E. coli Infection



		TNFRSF11B Decreased Central and Effector Memory CD4+ T Cell Infiltration Into the Colon Cancer Microenvironment









		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		Development and Clinical Validation of Novel 8-Gene Prognostic Signature Associated With the Proportion of Regulatory T Cells by Weighted Gene Co-Expression Network Analysis in Uterine Corpus Endometrial Carcinoma



		Background



		Methods



		Results



		Conclusion



		Introduction



		Materials and Methods



		Data Acquisition



		Estimation Tregs Proportion and Differential Analysis in UCEC



		Construction of Co-expression Network and Select Hub Module



		Gene Set Enrichment Analysis



		Construction of TRRS



		Quantitative Real-Time RT-PCR



		Construction of a Nomogram



		Immune and Clinical Characteristic Identification



		Genome-Wide Analysis of Genes



		Survival Analyses of Genes in TRRS



		IPS Analysis



		Estimation of ICIs Response



		GSEA and ESTIMATE and ssGSEA



		Mutation Analysis



		Chemotherapeutic Response Prediction



		Immunoassay for ZSWIM1



		Statistical Analysis









		Results



		Tregs in Uterine Corpus Endometrial Carcinoma



		Construct Weighted Co-Expression Network



		Pathway and Process Enrichment Analysis



		Key Genes Identification and TRRS Construction



		The Relationships Between TRRS Expression and Clinical Factors



		Genome-Wide Analysis of TRRS



		Verifying the Predictive Capability of the Eight TRRS



		Using Nomogram to Predict the Survival Rates



		Clinical Factors and Risk Score Will Affect the Prognosis



		GSEA and ESTIMATE and ssGSEA Analysis



		The Relationship Between the TRRS and Immune Response in UCEC



		IPS and Immune Checkpoints



		The TRRS and Mutation Profile



		Relationship Between TRRS and Chemotherapy Sensitivity



		Immunoassay for ZSWIM1









		Discussion



		Conclusion



		Data Availability Statement



		Author Contributions



		Supplementary Material



		References









		Interactions Between Anti-Angiogenic Therapy and Immunotherapy in Glioblastoma



		Introduction



		The Immune Microenvironment of GBM



		The Vascular Microenvironment of GBM



		Current Immunotherapies for GBM



		Targeted Molecular Inhibitors



		Vaccine-Based Therapies



		Viral Therapies



		Adoptive T-Cell Therapies









		Current Anti-Angiogenic Therapies for GBM



		Antibody Therapies



		Resistant Mechanisms to Anti-Angiogenic Therapies



		Tyrosine Kinase Inhibitors



		Miscellaneous Agents









		Synergy in Immunotherapy and Antiangiogenic Agents in GBM



		Soluble Factors With Dual Immunologic and Angiogenic Functions



		Immune Cells Influencing the Tumor Vasculature



		Effects of the Abnormal Tumor Vasculature on Immune Cells



		Individual Therapies That Target Both the Immune and Vascular Compartments of GBM



		Combining Immunotherapies With Anti-Angiogenic Therapies









		Future Directions



		Conclusion



		Author Contributions



		References









		Ferroptosis Activation Scoring Model Assists in Chemotherapeutic Agents’ Selection and Mediates Cross-Talk With Immunocytes in Malignant Glioblastoma



		Introduction



		Materials and Methods



		Data Preparation



		Ferroptosis Activation Scoring Model









		Overall Survival Outcome Prediction



		Biofunction Prediction



		GBM Immune Landscape



		RNA Velocity and Cells Communication



		Transcription Factor Regulatory Network Construction and Cells Communication



		Potential Sensitive Drug Prediction



		Statistical Analysis









		Results



		Ferroptosis Activation Associates With Gliomas’ Subtypes and Predicts Gliomas Patient’s Survival Outcome



		The FeAS Model Exhibits Great Prognostic Prediction Ability



		High FeAS Glioblastoma Are More Aggressive Than Low FeAS Glioblastoma



		Transcription Factor Differentially Activated in High and Low FeAS Glioblastoma



		Immune Related Pathways Selectively Activate in High FeAS Glioblastoma



		FeAS of Glioblastoma Influence Macrophage, Dendritic Cells, NK Cells and T Cells Enrichment



		Novel Ligand–Receptors Pairs Between Immunocytes and High FeAS Glioblastoma Cells



		Potential Targeted Drugs for High FeAS Glioblastoma Cells









		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		References









		Revealing Clonal Responses of Tumor-Reactive T-Cells Through T Cell Receptor Repertoire Analysis



		Introduction



		Overview of TCR Sequencing Methods



		TCR Repertoire Analysis in Tumor Immunology: Achievements and Challenges



		TCR Repertoire Analysis Based on Inter-Organ Overlapping Clones



		dLN-Tumor Overlapping Repertoire Analysis



		Blood-Tumor Overlapping Repertoire Analysis









		Overview of Single-Cell TCR Sequencing Methods



		Application of scTCR Analysis to Elucidating T-Cell Responses in the Tumor Microenvironment



		Conclusion



		Author Contributions



		Funding



		Acknowledgments



		References









		Tumor Microenvironment in Acute Myeloid Leukemia: Adjusting Niches



		Introduction



		The Microenvironment of the Bone Marrow Niche



		The Tumor Microenvironment of MDN and MPN: Similarities and Differences to AML



		The Role of Mesenchymal Stem Cells and Their Progenies in AML



		The Role of Lymphocytes and Monocytes in AML Immune Escape



		Soluble Factors Affecting the TME



		Conclusions



		Author Contributions



		References









		Intrinsic Differences in Spatiotemporal Organization and Stromal Cell Interactions Between Isogenic Lung Cancer Cells of Epithelial and Mesenchymal Phenotypes Revealed by High-Dimensional Single-Cell Analysis of Heterotypic 3D Spheroid Models



		Introduction



		Materials and Methods



		Cell Culture



		3D Spheroid Formation by Mono- and Co-Culturing of NSCLC Cells and Fibroblasts



		Gene Expression Analysis



		Western Blotting



		Immunocytochemistry and Confocal Imaging



		Lentiviral Expression Plasmids and Fluorescence-Activated Cell Sorting



		Characterization of Heterotypic Co-Culture Spheroids by Confocal Microscopy and Reconstruction in IMARIS



		Paraffin Embedding of Spheroids



		Immunohistochemistry of Paraffin Embedded Tissue-Sections With Fluorescent Detection (IHC-P/IF)



		Imaging Mass Cytometry (IMC)



		Single Cell Segmentation and High-Dimensional Analysis of IMC Data



		Statistics









		Results



		Cell Models of Acquired Drug Resistance Against EGFR Targeted Therapies



		Epithelial Phenotype Correlated With High Spheroid Forming Capacity in Homotypic 3D Spheroid Cultures



		Co-Culture With Fibroblasts Facilitated Spheroid Formation in Carcinoma Cells With Mesenchymal-Like Phenotypes



		The Impact of Epithelial-Mesenchymal Phenotype and Fibroblast Co-Culture on Spheroid Formation Dynamics



		Histology and Tissue Organization of the 3D Heterotypic Spheroids



		Intra-Spheroid Organization of Epithelial and Mesenchymal Carcinoma Cells When Co-Cultured With Fibroblasts



		In-Depth Characterization of Mono- and Co-Culture Spheroids Using Immunohistochemistry and Imaging Mass Cytometry



		Drug Response and InDepth Characterization of Erlotinib-Treated Co-Culture Spheroids









		Discussion



		Data Availability Statement



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		References









		The Immune Microenvironment in Gastric Cancer: Prognostic Prediction



		Introduction



		Cancer-Associated Fibroblasts (CAFs)



		Tumour-Infiltrating Lymphocytes (TILs)



		Tumour-Associated Macrophages (TAMs)



		Other Immune Cells in GC



		Conclusion



		Author Contributions



		Funding



		References









		From Tumor Cells to Endothelium and Gut Microbiome: A Complex Interaction Favoring the Metastasis Cascade



		Introduction



		The Pre-Metastatic Niche



		Role of Endothelial Cells in Metastasis



		Gut Microbiota and Implication in Metastasis



		Discussion



		Complex Interaction Between GM, Checkpoints Inhibitors, and ECs and Their Possible Combination for Treatment



		GM and CPIs



		GM and ECs



		GM and Angiogenesis and CPIs















		Conclusion



		Author Contributions



		References









		Preclinical Studies of a Novel Human PD-1 B-Cell Peptide Cancer Vaccine PD1-Vaxx From BALB/c Mice to Beagle Dogs and to Non-Human Primates (Cynomolgus Monkeys)



		1 Introduction



		2 Experimental Methods and Materials



		2.1 Peptide Synthesis



		2.2 Animals: BALB/c Mice, Beagle Dogs, Cynomolgus Monkeys



		2.3 Procedures



		2.3.1 Immunization Procedure: Beagle Dog



		2.3.2 Immunization Procedure: Non-Human Primate









		2.4 Cancer Cell Line and In Vivo Study of CT26/Tumor Model on BALB/c Mice



		2.5 Enzyme-Linked Immunosorbent Assay and Human Recombinant Protein Activity Test



		2.6 Antibody Isotyping Assay



		2.7 Statistical Analysis









		3 Results



		3.1 Selection, Design, and Characterization of Peptide Epitopes for Human PD-1



		3.1.1 GMP Peptide Manufacture









		3.2 Pharmacology and Immunogenicity



		3.2.1 Assessment of Immunogenicity, Isotype Distribution, Immune Stimulant nor-MDP, ISA 720 Versus ISA 51 and Vaccination Schedules (2v3 Weeks) in BALB/c Mice Challenged With CT26 Colon Carcinoma Cell Lines



		3.2.2 Antitumor Efficacy in Syngeneic BALB/c Mice Challenged With CT26 Carcinoma Cell Line



		3.2.3 MVF-PD-1 (92-110) Peptide Shows High Immunogenicity in Beagle Dogs



		3.2.4 Conclusions of Mice and Dog Studies



		3.2.5 Anti-APi2568 Antibody Titers in Monkey Serum After Capture by RhPD-1









		3.3 Pharmacokinetics



		3.4 Toxicology



		3.4.1 Beagle Dog Study



		3.4.2 First Set of Monkey Study



		3.4.3 Second Set of Monkey Study









		3.5 No Autoimmune Symptoms Observed After the Immunization









		4 Discussion



		5 Conclusion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		References























OPS/images/fonc.2022.804983/fonc-12-804983-g002.jpg
Faecalibacterium

B. fragilis 0 :
. CcD4
CD4 iDC

: A. Muciniphila

cxcr3 .
< T Enterococcus hirae

Bifidobacteria ’ . ,
IL-12
9 9 CCR9 ‘ ) i Q
Treg Treg

4
v
Bacterlal
: antigens v
\ < "
Inflammation Escherichia and Clostridium |
~ /
!K ' 7
/ éa o >
. UK s e e\ LD cos _
) / P OOD00C 2 - Depletion
|"|ICIs / T Aoytappndry o P /
| | " Activation and '. PODD o“a’“l:O \ ‘Ac;:;attl‘on and /
- wapiep ' ') . infiltration /
infiltration b r 9 00 .. 0. :- \
. - - N\ o Py "
Anti PD-1, \ \ ' ,
Tumor cell Normal cell N [ |
e iy, ST Anti-
Maturation

VEGFR

Anti-PDL-1





OPS/images/fonc.2022.804983/fonc-12-804983-g001.jpg





OPS/images/fonc.2022.804983/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.836389/table1.jpg
Cell types

Functions in gastric cancer

References

Cancer-associated fibroblasts (CAFs)

Tumour-infiltrating lymphocyte (TILs)

Tumour- associated macrophages (TAMs)

Lymph node metastasis and tumour stage

Promote tumorigenesis and development

Promote tumour progression

Promote invasion and metastasis

Potential prognostic value

Significance of TILs in tumour stroma is greater than that in tumour nest

Different subtypes have different prognostic correlations

High TIL density may have a bidirectional regulatory effect.

Low psTIL group predicts poor overall survival

Proliferation, invasion and metastasis of cancer cells

The number and type of TAMs affect the tumorigenesis and development

More TAMs predict a worse prognosis. Numerous TAM infiltrates suggests a good prognosis
TAMs at the tumour-mesenchymal junction affect tumour invasion

TAMs promote angiogenesis in areas of vascular deficiency, necrosis and hypoxia
M2 macrophages predict a poor prognosis

(19-25)

(14, 33-39)
(40)

(36, 38, 41-44)
(45-47)
(48-50)
(51-56)

(17, 18, 85, 57-59)
(15, 60-69)
(70-72)

(73, 74)

(75, 76)





OPS/images/fonc.2021.704001/fonc-11-704001-g003.jpg
= EdU DAPI Overlay = Migration Invasion
: S
- ( 35
@, 3
‘o
%, : Yor
: - : »
% S
%y, %
% <
Y, R
’ - o
%
< ;
%, %, B
", £
%
7, L A
”, %, 3.
o
PG
%,
%,
o ° = :
5 5
2o
H 3
P ra £
pas 4 P
3

(104

27800 Col
Az7aiD0P calis (1"

sw&w@
&
P A S






OPS/images/fonc.2021.704001/fonc-11-704001-g004.jpg
v
PPk
pan
poss
s
pactn

Porcant surviva (%)
TN

201w ¢ mm DOP mm TRL

DOP+TRL






OPS/images/fonc.2021.704001/fonc-11-704001-g001.jpg
» ‘AZ780/DDP
10,

625 M TPL 125 M TPL
--- HE
2
3
25nM TPL 50 nM TPL. 100 nM TPL "o 2 4 0 8 10
TPL concentration (M)
s .
g §
)
E
§
S o &
’ ’ cfffff
EAR
sasaptr s
§|.n
£ i
W k]
5
8
. H .
e ot o 2
. ) R R R
S S

AN R )





OPS/images/fonc.2021.704001/fonc-11-704001-g002.jpg
>

>

H
H
H
H
i
H
3

& 5 e

At

Pactin

R

4

g
H
H
H
:
2

Fold change

00





OPS/images/fonc.2021.721249/crossmark.jpg
©

2

i

|





OPS/images/fonc.2021.721249/fonc-11-721249-g001.jpg
Metabolites

Microbiota
Mucus.

5 [Epithelium

L:-%

23
55 o
s 5
% F
£5 3
mm 2
33 o

H
CEM .
505 — 3

Activate

—> Translocate
Inhibit

Tumor

%
===






OPS/images/fonc.2021.704001/fonc-11-704001-g005.jpg
Simpson index

PC230%

PC1647%
e Ce Mo Do Te DT





OPS/images/fonc.2021.704001/fonc-11-704001-g006.jpg
g

Rolativo abundanco
(Gonus lovel)

@ Clostidium ¥ —— LI Mucispiritam
y e 8
£som §3°
2 o § 2 oos
H gis- o
2






OPS/images/fonc.2021.704001/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.836389/fonc-12-836389-g002.jpg
TAM distribution

\ @ psTILs
©
&

OS benefits

M1 M2
D macrophage @ macrophage @ e

T cell ¥/ 3\ Cancer cells @ Stromal
— 7 & cell





OPS/images/fonc.2022.836389/fonc-12-836389-g001.jpg
%

Tumour
cells

of
of

Immune microenvironment

M1
macrophage

TIL subtypes

o
a3

M2
macrophage

Other
immune cells






OPS/images/fonc.2022.836389/crossmark.jpg
©

2

i

|





OPS/images/fonc.2022.818437/table3.jpg
Metal tag Antibody target Clone Product number Supplier Dilution*
141 Pr ACTA2 (aSMA) 1A4 201505 Fluidigm 1:50
142 Nd EGFR D38B1 3142013D Fluidigm 1:50
143 Nd VIM (vimentin) D21H3 201505 Fluidigm 1:400
144 Nd phospho-Tyr P-Tyr-100 3144024D Fluidigm 1:50
145 Nd Laminin polyclonal PA-16730 ThermoFisher 1:500
148 Nd Cytokeratin® AE1/AE3 3148022D Fluidigm 1:200
150 Nd MUC158 (Mucin1/CD227) SM3 3150032D Fluidigm 1:50
161 Eu TPB3 (p63) polyclonal ab53039 Abcam 1:50
154 Sm HIF1A (HIF-1 o) EP1215Y ab210073 Abcam 1:50
165 Gd GFP 4B10B2 MA5-15349 ThermoFisher 1:100
168 Gd CDH1 (E-cadherin) 24E10 201505 Fluidigm 1:100
159 Tb RFP Polyclonal 600-401-379 Rockland 1:50
161 Dy MKIB7 (Ki67) B56 3161007B Fluidigm 1:100
165 Ho beta-catenin®® D13A1 3165032D Fluidigm 1:150
167 Er METSS D1C2 3167020D Fluidigm 1:50
169 Tm Collagen 1 Polyclonal 201505 Fluidigm 1:400
171 Yb Histone H3®% D1H2 201505 Fluidigm 1:4000
173 Yb PDGFRBS® 28E1 3169 Cell Signaling Technology 1:50
175 Lu pan-actin D18C11 3175032D Fluidigm 1:50
176 Lu phospho-Histone H3%% HTA28 [Ser28] 3176024D Fluidigm 1:100
191 Ir Intercalator-Ir DNA 201192B Fluidigm 250 uM
193 Ir Intercalator-Ir DNA 201192B Fluidigm 250 uM

SAntibodlies only included in the first IMC run with untreated samples.

SSAntibodies only included in the second IMC run with the erfotinib and DMSO treated samples.

*Stock concentration for in-house conjugated antibodies is 500 ug/ml.
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Antibody target

CDH1 (E-cadherin)

CDH2 (N-cadherin)
VIM (Vimentin)

TUBA1A (Alpha-tubulin)
EGFRdel (E746-A750del specific)

Clone
4A2

Polyclonal
EPR3776

DM1A
D6B6

Product number

144728

ab18203
ab92547

ab7291
2085

Supplier*
CSsT

Abcam
Abcam

Abcam
CST

Dilution

1:1 000
1:100
1:500
1:5 000
1:100
1:1 000
1:100

*CST, Cell Signaling Technology; WB, Western Blot: ICC, Immunocytochemistry; IHC-P, Immunohistochemistry-Paraffin; IF, Immunofluoresence.

Application*

wB
ICC/IF
wB

WB
ICC/IF
ICC/IF
IHC-P/IF
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Name Short Cell type and origin Supplier Cell culture medium Cell culture

name drug
supplement
HCC827 parental HCC827 Human NSCLC epithelial cell line #CRL-2868, ATCC RPMI1640 (R8758, NA
(Hccs27) Sigma)*
HCC827 ER3, ER3, Erlotinib-resistant clones of HCC827 #CRL-2868, ATCC RPMI1640 (R8758, 1uM erlotinib
HCC827 ER10, ER10, (HCCs27) 2 Sigma)*
HCC827 ER20, ER20,
HCC827 ER30 ER30
H1975 parental H1975 Human NSCLC (adenocarcinoma) epithelial #CRL-5908, ATCC (H1975)  RPMI1640 (R8758, NA
cell line Sigma)*
H1975 COR1-1, H1975 COR1-1, Rociletinib-resistant clones of H1975 #CRL-5908, ATCC (H1975)  RPMI1640 (R8758, 1uM rociletinib
COR10-1 COR10-1 g Sigma)*
Svao Sveo Human lung fibroblast (SV40-transformed cell CLS Cell Lines Service DMEM/F12 (D8062, NA
line) GmbH Sigma)*
MRC-5 MRC-5 Human lung fibroblasts #CCL-171, ATCC DMEM (D5671, Sigma)* NA

"ER3 clone provided by Professor Trever G. Bivona at the Division of Hematology/Oncology, Helen Diller Comprehensive Cancer Center, University of California, San Fransisco, CA, USA
(Zhang et al., 2012).

2ER10, ER20, and ER30 clones were developed at the Institute of Molecular Medicine, University of Southern Denmark, Odense, Denmark.

SRociletinib-resistant clones provided by Clovis oncology.

*All cell culture mediia were also supplemented with 5% heat-inactivated FBS (Gibco), 20 Units/ml Penicillin, 20 ug/ml Streptomycin (Penicillin-Streptomycin, #P-0781, Sigma) and 2 mM L-
glutamine (#G-0781, Sigma).

NA, not applicable.
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Age
Ref: >75

Ann Arbor clinical stage
Ref: I-II

ECOG performance status
Ref: >2

Gender

Ref: Female

LDH ratio

Ref: >3

Number of extranodal sites
Ref: >2

Risk levef®

Ref: High_Risk

Group

<40
41-60
61-75
v

0-1
Male

<1

13
0-1

Low_Risk

HR (95% CI)

0.139 (0.041-0.469)
0.372 (0.204-0.678)
0.646 (0.369-1.130)
1.760 (1.114-2.780)
0.395 (0.248-0.630)
1.149 (0.726-1.819)
0.155 (0.072-0.333)
0.380 (0.185-0.781)
0.420 (0.243-0.727)

0.197 (0.120-0.324)

p-value

0.001
0.001
0.125
0.015

<0.001
0.554
<0.001
0.008
0.002

<0.001

HR, hazard ratio; 95% Cl, 95% confidence interval.
AHR (95% CI) for continuous risk_score is 1.642 (1.464-1.842), p-value < 0.001.
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Project TCGA DLBCL NCICCR_DLBCL CTSP_DLBCL1

Gene expression data (RNA-seq) 48° 481 4
Overall survival follow-up 48 481 37
Age (range) 23-82 14~92% 27~84
Gender Female 26 195 24
Male 22 286 13
IPI_group Low risk 9 103 6
Intermediate risk Low 13 5 185 88 23 13
High 5 7 10
High risk 3 98 8
NA® 23 95

Thirty-seven samples from TCGA_DLBCL with WES data.

?IPI range groups: O-1 (low risk); 2-3 (intermediate risk); 2 (low-intermediate risk); 3 (high-intermediiate risk); 4-5 (high risk). If the IPI is not recorded or the range of the IPI spans among
groups (such as 1-5 or 1-2), this feature is marked as non-applicable (NA).

SAge of nine samples from NCICCR_DLBCL was not reported.
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Gender Dose Immunization Aim Findings

(ng/
dose)

Male 0; 25; Day 1; day 1: Lower APJ2568 doses were used to determine if the 1: All monkeys survived to the scheduled necropsy.
and 100; 15; day 29; adverse IM injection site effects observed in the first study 2: No APi2568-related adverse effects were noted on
female 250; day 43; could be prevented by reducing the APJ2568 doses body weight, food consumption, body temperature,

with a 14-day 2: To determine if these lower APJ2568 doses were able to clinical pathology parameters, or organ weight.

recovery produce the desired immunogenic response of generating 3: No TK evaluations or cardiovascular parameter

period. significant titers of anti-APi2568 antibodies assessments were made during this study.

A single female monkey in the 250 ng/dose group had an APi2568-related mass present at the IM injection site on the right hindlimb 7 days following the third dose. This observed mass
remained unchanged until the day of scheduled terminal euthanasia for this monkey, correlated with the APi2568-related injection site observation of very slight edema, was associated
with the APi2568-related gross necropsy finding of swelling in the right biceps femoris IM-injected site, and correlated with the APi2568-related histopathologic finding of moderate
neutrophilic inflammation. In addition, a microscopically observed, APi2568-related necrosis in the right biceps femoris IM site of this female monkey was characterized by the loss of
normal tissue and abundant cellular debris and this finding was considered to be adverse. No other APi2568-related gross necropsy findings were noted at the terminal or recovery

euthanasia.
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Gender Dose (mg/dose) Day Crax (ng/ml) Crmax/D Tmax (h) Tiast (h) Tis2 (h) AUC oy (ng-h/ml) AUC .4/D

Male 0.5 1 NA NA NA NA NC NC NC
43 7.21 7.21 1 8 NC 62.3 125

2 1 NA NA NA NA NC NC NC

43 59.3 59.3 1 24 1381 494 247

5 1 10.1 2.01 2 24 NC 151 30.1

43 202 40.5 1 48 12.7 3,460 693

Female 0.5 1 NA NA NA NA NC NC NC
43 8.81 17.6 2 4 NC 223 446

2 1 NA NA NA NA NC NC NC

43 13.8 6.92 4 8 NC 94.5 47.3

5 1 4.77 0.954 1 4 NC 18.9 3.79

43 160 31.9 1 34 19.6 1,330 266

Units for Cmax/D and AUC(0-t)/D are (ng/mi)/(mg/dose) and (ngh/ml)/(mg/dose), respectively. H, hour; IMC, not calculable; NA, not applicable; Cpmax, maximum observed plasma
concentration; Tmax time when Cmax was observed: AUC, area under the plasma concentration time curve.
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Species

Mouse

Dog

Monkey
1st set

Monkey
2nd set

Number

24

Immunization

PD-1(92) or
control

PD-1(92) or
control
PD-1(92) or
control
PD-1(92) or
control

Intervals

2 weeks
and 3
weeks

Based on
3 weeks
2 weeks

2 weeks

Adjuvants

ISA 720
and ISA51

ISA 720

ISA 720

ISA 720

Nor-
MDP

With
or no

With

No

Tumor

CT26

Results

High immunogenicity (Figure 1C);

PD-1(92) significant less tumor burden vs. PBS, no difference vs. 29F.1A12
(Figures 2G, H);

2-week vs. 3-week no difference (Figures 2G-I);

ISA 720 vs ISA 51 no difference (Figures 2G-1);

No nor-MDP vs nor-MDP no difference (Figures 2G-1);

Peptide vaccine is safe and with high immunogenicity (Figure 3D), and high
activity against recombinant PD-1 protein (Figure 3F);

Peptide vaccine is safe and with high immunogenicity (Figures 4E, F);
antibody with high binding ability against rh-PD-1 (Figure 4G);
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Species PD-1 Peptide Sequence Homology

Human PD-1 GAISLAPKAQIKESLRAEL 100%
Cynomolgus PD-1 GAISLAPKAQIKESLRAEL 100%
Rhesus PD-1 GAISLAPKAQIKESLRAEL 100%
Mouse PD-1 GAISLHPKAKIEESPGAEL 74%
Canine PD-1 GAIYLPPNTQINESPRAEL 68%
Rat PD-1 GAISLPPKAQIKESPGAEL 84%

Colored letters indicate the difference of the amino acid with the human sequence.
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Cohort

TCGA-SKCM
Gide2019.antiPD1/antiCTLA4
Riaz2017.GSE91061
Lauss2017.GSE100797
Hugo2016.GSE78220

No. of patients

15
58
51
25
26

Therapy

anti-CTLA4
anti-PD1/anti-CTLA4
anti-PD1

Adoptive T cell therapy
anti-PD1
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VEGF-A PD-L1 Bevacizumab Advanced renal cell carcinoma NCT02420821
+Atezolizumab

VEGFR-1-3, PDGFRB, PD-L1 Axitinib Advanced renal cell carcinoma NCT02684006
+ Avelumab

VEGF-A PD-L1 Bevacizumab+ Stage NSCLC IV NCT02366143
MPDL3280A
+ Carboplatin
+ Paclitaxel

VEGF-A PD-L1 Bevacizumab+ Recurrent Ovarian, Fallopian NCT02839707
Atezolizumab+ Pegylated Liposomal tube peritoneal cancer
Doxorubicin Hydrochloride

VEGFR-2, PDGFRB, GM-CSF (virus based vaccine) Sorafenib Hepatocellular carcinoma NCT02562755

+Pexa Vec
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from TCGA and GEO databases.
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{ Access RNA-Seq and clinical data of DLBCL }

{ Identification of immune-related genes in DLBCL patients with different IPI levels.
Divide samples to high/low groups WGCNA of key gene clusters highly
according to IPI. Detect the DEGs. correlated with IPL.

Construction and validation of an IPI-based immune-related prognostic model
(IPI-IPM).

Genetic Features and Functional Somatic Mutational Profiles
Enrichment of IPI-IPM subgroups. of IPI-IPM subgroups.

|
Molecular characteristics of IPI-IPM associated immune genes: Over
representation analysis, PPI/TF networks and the Connectivity Map.

|

* Immune related TME characteristics of IPI-IPM subgroups.

* Prediction of Immune checkpoint blockage response of IPI-IPM subgroups.
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